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“The World Health Organization Quality of Life (WHOQOL) assessment with its
comprehensive 24 parameters is an outstanding but concomitantly daunting tool to
measure the quality of life in individuals. Without a valid and reliable technology-
based approach to this assessment tool, it is a set of parameters without the fullest
impact on health with its measurements and interventions.

A technological and computational dyadic approach to the expansive WHOQOL
tool would be the ideal visionary strategy. We should all applaud Sharon Wulfovich
and Katarzyna Wac for their innovative philosophy espoused in the book Quantifying
Quality of Life: Incorporating Daily Life into Medicine. This paradigm shift from a
subjective, qualitative approach to a more objective, quantitative approach with
human oversight renders this WHOQOL tool more accurate and efficient not to
mention more continual and expedient. These aforementioned elements will be
invaluable for the future of health in both individuals and populations.

We are in the midst of a global health crisis and its apocalyptic consequences.
The erudite author Arundhati Roy wrote, “the pandemic is a portal, a gateway
between one world and the next.” This innovative approach to measuring the quality
of health elucidated by Wulfovich and Wac is a very much welcomed part of this
portfolio of tools we should bring along as we traverse through the portal into the
new world.”

—Anthony C. Chang, Chief Intelligence and Innovation Officer,
Children’s Hospital of Orange County, CA, USA

“Quantifying Quality of Life is the first book of its kind by describing how to
quantify both the short-term and long-term determinants of health and wellbeing
over an individual’s life course. With 5G broadband cellular networks on the horizon
and the continual enthusiasm in the quantifying-self movement around the world,
this book offers the methodologies and the tools for daily continuous assessment of
the quality of life.

As the field gains more experience on how to quantify the quality of life by
leveraging both technology and patient-reported outcomes, we will begin to see
more relationships emerging between different domains and variables being
measured, e.g. exercise and mental health; social relations and productivity; mobility
and self-esteem, etc. This will help us gain new insights for building a better
environment and society for all citizens.

This book is a remarkable first step towards understanding the science of an
emerging and expanding field combining digital health, artificial intelligence, and
Internet-of-Things. The editors and authors are to be congratulated for this
pioneering work!”

—C. Jason Wang, Director, Center for Policy,

Outcomes, and Prevention, Associate Professor of Pediatrics, Medicine,
and Health Research and Policy, Co-chair, Mobile Health

and Other New Technologies, Center for Population Health Sciences,
Stanford University, USA
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“The arrival of smartphones and technology-enabled tools and methods has sparked
a veritable flood of what is called “Real-World Monitoring (RWM).” It allowed for
creating unprecedented evidence data and patient-reported quality-of-life outcomes.
Unlike traditional patient assessments via questionnaires or similar backward
directed surveys, the new digital applications can enable objective, real-time data
collection. This adds a completely new dimension to data quality and expressiveness.
QoL Measurements and PRO’s are relevant to all healthcare stakeholders including
patients. Doctors are able to adapt and individualize therapies more easily and can
communicate to patients well outside of their practice and routine examinations.
Payers can finally move away from a “fee-for-service” to an outcomes-based
remuneration model—which is an important requirement to implement connected
care structures in an increasingly complex and costly care environment. Life
Sciences firms as well as the MedTech and Health IT industries are in a position to
comply with new approval and certification requirements from authorities, such as
the FDA or the EMA, to include PRO’s and not only traditional clinical data into
their studies and applications. Finally, for regulators, solid and reliable outcomes
data will be the basis to steer and manage healthcare systems much better than in the
past—especially when it comes to placing innovation incentives and adapting
processes or care structures. A multitude of health apps are available today and
more of them are arriving each day which measure all sorts of personal health scores
and figures.

However, monitoring isolated values without relating them to each other is of
little use. Therefore, it is important to distinguish patient-reported QoL data—and
this also includes data coming from digital tools and applications (called Technology
Reported Outcomes, TechROs). These tools only make sense if they are incorporated
into a coherent body image to avoid biases, misinterpretation, or false therapeutic
conclusions. This book not only looks at different elements that make up a holistic
QoL picture, but it also demonstrates scientific methods to assess them which will
allow them to be put into a meaningful clinical context. This book is a useful guide
for all healthcare stakeholders.”

—Rainer Herzog, Managing Director,
Digital Health Partners, Germany

“Recently gathered insights indicate that conditions such as heart disease, stroke,
and diabetes are essentially the pathophysiologic endpoints of a complex interplay
of anindividual’s life experiences in five domains of influence: genetic predisposition,
social circumstances, physical environment, behavior, and medical care.

It now becomes possible to measure QoL objectively and quantitatively using
validated methods and to incorporate these into both everyday clinical care and
research to measure the effect of various treatments and strategies in the real world.
We have witnessed an influx of market adaption for digital health and quality of life
technologies this past year from telemedicine and virtual clinical trials to remote
patient monitoring and quality of life assessments. Digital health technologies are



here to stay and will play a critical role in the way we treat and cure diseases while
empowering patients to manage their self-care.

I was delighted to see the complex and rather challenging topic “Quantifying
Quality of Life: Incorporating Daily Life into Medicine” being tackled by Prof
Katarzyna Wac and Sharon Wulfovich. I found the QoL domains: physical health,
psychological, social relationships, and environment to be meticulously addressed
in this book with a state-of-the-art approach taken for the interpretation of the 24
related variables.”

—NMathieu Ghadanfar, President,

M-Ghadanfar Consulting Life Sciences,
Cardiovascular Physician | Healthcare Executive
| Biotech and Pharmaceutical Executive

“Quantifying Quality of Life: Incorporating Daily Life into Medicine is an innovative
and informative text that explores technology-enabled assessments of specific
dimensions of the WHOQOL framework. An underlying construct running through
the text is the significance of quality of life, and its core role within clinical, health,
and societal decision-making. Within this construct, the text brings together critical
thinking across key concepts and domains of the International Classification of
Functioning, Disability, and Health (ICF) to consider the emergent role of technology
in measurement. The authors guide the reader through a series of chapters exploring
measurement of quality of life domains through technology and innovation both
with active self-report PROs and passively collecting physiological, physical,
biological, and contextual signals. The text is rich with deep thinking by leading
critical thinkers across domains of the ICF. Original work is freshly presented in the
book’s chapters, which draw on case—control to umbrella review methodologies.
The authors all succeed in compellingly presenting the background, state of the art,
and suggesting the direction of future research activity. The book is abundant with
fine details and expertise across WHO domains to inform the quality of life research.
The book provides a unique insight into an easily accessible template for
multidisciplinary students, clinicians, and academics.”
—Prof. Helen Dawes, Professor,
Movement Science and Elizabeth Casson Trust Chair, Director;
Centre for Movement and Occupational Rehabilitation Sciences (MOReS),
Academic Director, Oxford Clinical Allied Technology
and Trial Services Unit (OxCATTS), Faculty of Health and Life Sciences,
Oxford Brookes University, Associate Research Fellow,
Department of Clinical Neurology,
University of Oxford,
Oxford Health Biomedical Research Centre, UK



“La transition vers I’hopital numérique est en cours a une époque ol 1’on soigne de
plus en plus a domicile, ou le patient prend le contrdle de sa santé. La médecine
jusqu'ici essentiellement curative, notamment en Occident, se transforme elle aussi
avec une mise en exergue du patient: une personnalisée, préventive, prédictive et
participative (4P).

Nous sommes entrés dans cette nouvelle ere supportées par des technologies
innovantes, comme le bigdata (analyse de données), le deep learning, la robotique,
I’intelligence artificielle, le suivi de données personnelles, voir la génétique.

Nous pourrons ainsi anticiper, prévenir, modifier notre hygiene, non pas pour
répondre a un modele, mais a notre modele personnalisé. Derriére cette
personnalisation est en train de naitre la médecine de trajectoires avec une prise en
compte accrue de tout notre environnement (alimentation, qualité de I'air, pratique
physique...).

Le patient devient donc désormais I’acteur principal et participe a sa santé de
maniere active au travers de ses soins mais surtout d'une meilleure connaissance de
sa santé a I’aide principalement d’applications (comme des protocoles de suivi post-
cancer), ou de capteurs de données régulieres ou alarmistes (IOT) et d'un acces
facilité a I'information médical. Cette vision est a la base de ce livre, et il fournit de
nombreux exemples d'innovations technologiques potentielles menant a la
réalisation de cette vision. Ce livre est le fruit d'un effort remarquable pour
documenter I'état de l'art sur les 24 variables contribuant a la qualité de vie dans ces
chapitres bien présentés, clairs et complémentaires. Il est écrit de maniere a étre
accessible a tous, méme aux patients. Je suis heureux de recommander cet excellent
livre a tous!”

—NMoise Gerson, A Patient, Digital Health Director and Co-Founder,
Campus 2030, INNOVATING FOR THE PEOPLE, Switzerland

“Accurately assessing the quality of life (QoL) using established parameters, such
as those set out by the WHO, is key to a revolution in the health and life insurance
sectors. That is the use of real-time data to monitor risks and more accurately
underwrite it using feedback loops. “Connected Insurance” is already in use in areas
like the use of telematics for auto insurance and is similarly changing health and life
insurance, helping insurers assist in preventing and managing chronic disease and
acute incidents as well as encouraging healthier lifestyles in their customers. It has
two important drivers. The first is that technologies for measurement, including
mobile phone-based apps and wearables, are proliferating and improving and can
allow real-time monitoring of many of the facets in the WHOQoL domains. The
second is that accurate quantification of risk factors to scientific levels of accuracy
(as demonstrated in these chapters) will provide increased statistical accuracy and
confidence for underwriters of health and life risk.
Quantifying the Quality of Life is an important mosaic of exciting research that
shows how facets of QoL can be quantified.”
—Lawrence Reed, Managing Director, IMCG Group, UK
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“Quantifying Quality Of Life: Incorporating Daily Life into Medicine is a must-read
primer for anyone considering using patient-related outcomes with subjective and
objective data. In health insurance, we are aware that healthy lifestyle choices like
eating well, exercising, managing stress, and sufficient sleep can help mitigate the
risks associated with lifestyle diseases. Therefore, we need to show clients how
these different health factors are linked together. The power of ecosystems to
develop a dynamic, personalized pricing approach that rewards good behaviors will
potentially help to drive this forward. To achieve the next steps, it is essential to have
valid, accurate, and reliable data for the QoL assessment for individuals. The book
is full of important information for those of us who are on the journey to real patient-
centricity by using relevant data outcomes.”

—Roman Sauter, Head, Sourcing & Procurement, Helsana, Switzerland



This series is directed to healthcare professionals leading the transformation of
healthcare by using information and knowledge. For over 20 years, Health
Informatics has offered a broad range of titles: some address specific professions
such as nursing, medicine, and health administration; others cover special areas of
practice such as trauma and radiology; still other books in the series focus on
interdisciplinary issues, such as the computer based patient record, electronic health
records, and networked healthcare systems. Editors and authors, eminent experts in
their fields, offer their accounts of innovations in health informatics. Increasingly,
these accounts go beyond hardware and software to address the role of information
in influencing the transformation of healthcare delivery systems around the world.
The series also increasingly focuses on the users of the information and systems: the
organizational, behavioral, and societal changes that accompany the diffusion of
information technology in health services environments.

Developments in healthcare delivery are constant; in recent years, bioinformatics
has emerged as a new field in health informatics to support emerging and ongoing
developments in molecular biology. At the same time, further evolution of the field
of health informatics is reflected in the introduction of concepts at the macro or
health systems delivery level with major national initiatives related to electronic
health records (EHR), data standards, and public health informatics.

These changes will continue to shape health services in the twenty-first century.
By making full and creative use of the technology to tame data and to transform
information, Health Informatics will foster the development and use of new
knowledge in healthcare.

More information about this series at https://link.springer.com/bookseries/1114
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Chapter 1
Unfolding the Quantification
of Quality of Life

Sharon Wulfovich, Jeppe Buur, and Katarzyna Wac

Introduction

There are many ways to define health. Health is defined by the World Health
Organization (WHO) as “a state of complete physical, mental and social well-being
and not merely the absence of disease or infirmity.” [1, 2] This definition has recently
been challenged by a team of international experts who suggested that health be
defined as “the ability to adapt and self-manage in the face of social, physical, and
emotional challenges.” [3] Health contributes greatly to quality of life (QoL), and
some authors suggest that health-related QoL and QoL can be used interchangeably
[4]. However, QoL is more than health, as other factors including work capacity, social
support, and the physical environment are also necessary for QoL [5—7]. QoL can be
defined in multiple ways through a more global approach (from the psychological,
economics, policy, or medical science perspective) [8], a categorical breakdown from
an individual perspective (e.g., physical or psychological aspects), or a field-specific
definition applied to individuals or specific populations (e.g., Liver QoL) [7, 9].
Across these different definitions, there is some agreement that QoL integrates
an individual’s multidimensional evaluation of their own life and total well-being
[7]. Furthermore, an individual’s QoL is not merely focused on the individual; it
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encompasses the individual’s physical and psychological state, the environment the
individual is in, as well as the interaction between the two. The environment includes
other individuals; nonmaterial things such as parks and roads; as well as water, air,
and access to other resources.

Measuring an individual’s QoL allows us to obtain a more holistic assessment of
his or her state in the multiple contexts like disease progression (via symptoms), or
treatment progress, and to put that in the context of clinical decision making. QoL
or well-being has been indirectly assessed since the dawn of the field of medicine.
Almost every doctor or physician informally asks the patient about his or her state
using questions such as “how are you feeling right now?” or “how are your
symptoms?”

With the need to systematically assess QoL in clinical decision making [10],
there are two primary ways to capture this information: (1) asking people about dif-
ferent aspects of their lives following subjective self-reporting using validated
patient-reported outcomes (PRO) [11] instruments [12]; examples and an overview
of the current validated instruments for QoL assessment can be found in the studies
of Gill [13] and Linton et al. [14]; and (2) leveraging technologies to objectively
capture individuals’ biological samples, physiological signals, behaviors, or inter-
actions with the environment [4, 11].

One of the most widely used QoL assessment instruments is the WHO’s Quality
of Life instrument (WHOQOL), which is used as a framework for organizing this
book. The WHOQOL defines QoL as “individuals’ perception of their position in
life in the context of the culture and value systems in which they live and in relation
to their goals, expectations, standards and concerns.” [15] The WHOQOL-BREF
instrument assesses individuals’ QoL across four domains: physical health, psycho-
logical health, social relationships, and environmental aspects [16]. These four large
domains are further broken down into 24 subdomains, denoted by the WHO as ‘fac-
ets’ [15] (Fig. 1.1). The subdomains embrace subjective and objective aspects of life,
are mutually nonexclusive, and potentially intertwine [15]. For example, there is an
influence of noise (i.e., environmental aspect) on sleep and rest (i.e., physical health).

The overarching assumption carried throughout this book is that within each of
the QoL domains, there are specific daily behaviors that (a) can be accessed objec-
tively through personal technologies or (b) enabled through the use of these tech-
nologies. A behavior is defined by the scientific community as “internally
coordinated responses (actions or inactions) of whole living organisms (individuals
or groups) to internal and/or external stimuli, excluding responses more easily
understood as developmental changes, [17] or as “a comportment, or what some-
one does or how someone acts.” [18] Behaviors can be assessed by means of, for
example, their frequency, rate, duration, magnitude, and latency [19]. In the scope
of this book, we focus specifically on external observable behaviors (or the lack
thereof) that may be assessed using technologies. This assumption follows the defi-
nition of QoL Technologies (QoLT) as “any technologies for assessment or improve-
ment of the individual’s QoL.” [20] The variety of designs of QoLT used to assess
behaviors in daily life remains unknown, as does their influence on QoL. In this
book we focus solely on the approaches using technology-enabled QoL
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QoL Domains QoL Subdomains

Physical Health Activities of daily living

Dependence on medicinal substances and medical aids
Energy and fatigue

Mobility

Pain and discomfort

Sleep and rest

Work capacity

Psychological Bodily image and appearance

Negative feelings

Positive feelings

Self-esteem

Spirituality/religion/personal beliefs

Thinking, learning, memory and concentration

Social Relationships| Personal relationships

Social support

Sexual activity

Environment Financial resources

Freedom, physical safety and security

Health and social care: accessibility and quality

Home environment

Opportunities for acquiring new information and skills
Participation in and opportunities for recreation/leisure act.
Physical environment (pollution / noise / traffic / climate)
Transport

Fig. 1.1 WHOQOL Instrument Domains and Subdomains [16]

assessments. We therefore assume that QoLT enable behavior assessments and as a
result the assessment of QoL in individuals [11].

This book presents QoLT leveraged for QoL assessment and draws from the
WHOQOL, providing a way to categorize behaviors and QoL aspects. As a result,
the WHOQOL instrument presented here serves as the organizational method for
this book.

The remainder of this chapter is organized as follows: First, we present the
WHOQOL instrument in detail (Sect. 2), and then we present the ‘quantified-
selfers’, who leverage daily life technologies to assess their own behaviors and daily
life (Sect. 3). Lastly, we conclude with a discussion further motivating the vision for
this book (Sect. 4).

This book follows the WHOQOL instrument, and its chapters are organized
along the WHOQOL subdomains. The following chapter discusses conclusive
remarks and future directions for the field of QoL assessment. Finally, the last chap-
ter discusses the current state of the subjective assessment of QoL by summarizing
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a set of validated instruments and scales for assessing daily life behaviors in the
context of QoL, also organized along the variables in the WHOQOL instrument.

The WHOQOL Instrument

The WHO developed its first edition of an international QoL assessment approach
in 1995 [15]. The development of the WHOQOL consisted of many stages: (i) QoL
concept clarification; (ii) qualitative pilot; (iii) development pilot; and (iv) field test
[15]. Due to the multidimensional essence of QoL, the WHOQOL divided QoL into
six broad domains: (1) physical domain; (2) psychological domain; (3) level of
independence; (4) social relationships; (5) environment; and (6) spirituality/reli-
gion/personal beliefs [15], embraced within the original 100-question instrument
referred to as the WHOQOL-100 [21]. Later, the WHO developed a WHOQOL-
BREF QoL assessment [16, 22], a shorter version of the original WHOQOL-100,
which defines four broad domains: (1) physical health; (2) psychological health; (3)
social relationships; and (4) environment [16, 22]. This shorter version, used as the
assessment model throughout this book, was developed to minimize respondent
burden and unnecessary detail when approaching QoL assessment in the general
population [16, 22]. The WHOQOL-BREF instrument has been demonstrated to
have “good to excellent psychometric properties of reliability” and to perform “well
in preliminary tests of validity.” [22]

The WHOQOL-BREEF, its four domains, and the 24 subdomains are outlined in
Fig. 1.1. The paragraphs below provide a working definition for each of the four
domains and 24 subdomains of the WHOQOL-BREF. We use the titles of the
WHOQOL-BREF and have adapted the definitions of the WHOQOL User manual
[23] accordingly, as the WHOQOL-BREF does not have its own manual.

Domain I: Physical Health

1. Activities of Daily Living: “a person’s ability to perform usual daily living
activities.”

2. Dependence on Medicinal Substances and Medical Aids: “a person’s depen-
dence on medication or alternative medicines for supporting his/her physical and
psychological well-being.”

3. Energy and Fatigue: “the energy, enthusiasm and endurance that a person has in
order to perform the necessary tasks of daily living, as well as other chosen
activities such as recreation.”

4. Mobility: “the person’s view of his/her ability to get from one place to another,
to move around the home, move around the workplace, or to and from transpor-
tation services.”

5. Pain and Discomfort: “unpleasant physical sensation experienced by a person
and the extent to which these sensations are distressing and interfere with life.”
The topics include pain control.

6. Sleep and Rest: problems getting enough sleep and rest.
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7. Work Capacity: “a person’s use of his or her energy for work.” “Work™ is defined
as any major activity in which the person is engaged.

Domain II: Psychological Health
8. Bodily Image and Appearance: “the person’s view of his/her body.”
9. Negative Feelings: “how much a person experiences negative feelings, includ-
ing despondency, guilt, sadness, tearfulness, despair, nervousness, anxiety and
a lack of pleasure in life.”

10. Positive Feelings: “how much a person experiences positive feelings of content-
ment, balance, peace, happiness, hopefulness, joy and enjoyment of the good
things in life.”

11. Self-Esteem: “how people feel about themselves.”

12. Spirituality/Religion/Personal Beliefs: “examines the person’s personal beliefs
and how these affect quality of life.”

13. Thinking, Learning, Memory, and Concentration: “a person’s view of his/her
thinking, learning, memory, concentration and ability to make decisions.”

Domain IIT: Social Relationships

14. Personal Relationships: “the extent to which people feel the companionship,
love and support they desire from the intimate relationship(s) in their life.”

15. Social Support: “how much a person feels the commitment, approval, and avail-
ability of practical assistance from family and friends.”

16. Sexual Activity: “a person’s urge and desire for sex, and the extent to which the
person is able to express and enjoy his/her sexual desire appropriately.”

Domain I'V: Environment

17. Financial Resources: “the person’s view of how his/her financial resources (and
other exchangeable resources) and the extent to which these resources meet the
needs for a healthy and comfortable life style.”

18. Freedom, Physical Safety, and Security: “‘the person’s sense of safety and secu-
rity from physical harm.”

19. Health and Social Care: Availability and Quality: “the person’s view of the
health and social care in the near vicinity.”

20. Home Environment: the “principal place where a person lives, and the way that
this impacts on the person’s life. The quality of the home would be assessed on
the basis of being comfortable, as well as affording the person a safe place to
reside.”

21. Opportunities for Acquiring New Information and Skills: “a person’s opportu-
nity and desire to learn new skills, acquire new knowledge, and feel in touch
with what is going on.”

22. Farticipation in and Opportunities for Recreation/Leisure Activities: “‘a per-
son’s ability, opportunities and inclination to participate in leisure, pastimes and
relaxation.”

23. Physical Environment (Pollution/Noise/Traffic/Climate): “the person’s view of
his/her environment. This includes the noise, pollution, climate and general
aesthetic of the environment and whether this serves to improve or adversely
affect quality of life.”
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24. Transport: “the person’s view of how available or easy it is to find and use trans-
port services to get around.” [23]

The WHOQOL instrument provides a way to categorize behaviors and QoL
aspects. As defined earlier, the WHOQOL instrument presented here serves as the
organizational method for this book.

Learning from the ‘Quantified-Self” Community

In this section, we present and discuss a subset of currently available technologies
for the assessment of behaviors, health state, and—as a result—QoL. The “quanti-
fied self” is a term coined in 2007 by Gary Wolf and Kevin Kelly to accommodate
actions such as lifelogging and self-tracking, in which motivated individuals use
various analogues (e.g., paper and pencil) or digital, technology-enabled tools (e.g.,
Excel spreadsheets) and devices (e.g., wearables) for tracking certain aspects of
their lives—be they in relation to physical health, mental health, social relation-
ships, or even the environment surrounding them. This section presents a nonex-
haustive view on the community, surveying individuals who actively participate in
the quantified-self movement, as well as what they self-track and how they do it.
Specifically, this chapter presents a qualitative study that examined the quantified-
self community based on a curated set of self-tracked projects presented in video
talks from quantified-self conferences and meetings (organized in the form of meet-
ups) between 2015 and 2019. In total, 71 quantified-self projects were analyzed
with the purpose of finding out who self-tracks, what they track, and how they track
it. A variety of variables are categorized and analyzed, including the self-tracker’s
sex, domains of tracking (coded along the WHOQOL instrument dimensions and
subdomains), and devices and tools used, among others. We then extrapolate upon
the applicability of the tools, approaches, and lessons learned toward the larger
public, for which we aim to quantify QoL.

This section is structured as follows: we first define the quantified-self movement
and quantified-self community, then describe our research methods and results, and
then analyze the outcomes, implications, and limitations. We end with a conclusive
remarks section that summarizes the lessons learned within the section and links
them to the chapter as a whole.

The Quantified-Self Movement

The quantified-self is a way of logging and measuring a variety of data about an
individual and/or his/her surroundings, such as steps, calories eaten, or miles biked
[24]. The quantified-self in its simplest form is a way of logging a variety of data for
different reasons, be it for self-improvement, curiosity, or health benefits related to
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a specific tracking category. It is a practice that has developed a particularly rich
design space with the introduction of personal digital technologies enabling self-
tracking, such as smartphones, smartwatches, and intelligent wristbands that, among
other devices, are now a part of many individuals’ lives. Yet, the actual practice,
emergence, and use of self-tracking as a method have been discussed for millennia
[24]. While most individuals may or may not be aware of technology such as step
counters in smartphones, the population of quantified-selfers purposely tracks an
array of different variables of their lives, both quantitatively and qualitatively, with
various goals, thus contributing to an enhanced understanding of their own behav-
iors, state, and potentially their own QoL.

The Quantified-Self Community

The quantified-self community arranges conferences and meet-ups where quantified-
selfers have the opportunity to present their individual projects. Their motto is “self-
knowledge through numbers.” [25] This community provides a platform for
individuals—in principle anyone—to present what they did, how they did it, and
what they learned, from which other individuals can both learn and be inspired to
shape their own projects [26]. Throughout the year, location-based group meet-ups
are conducted within the quantified-self community. Furthermore, yearly (or bi-
yearly) conferences are held in which individuals from all over the world participate
[25]. The talks at the conferences are recorded, and the best of which (as selected by
the community founders) are curated and published on the community website.
These video recordings are the primary self-project materials leveraged for the anal-
ysis in this section.

Methods

This section provides insights into the methodological considerations of this study
as well as a justification of methodological choices, as there will arguably be differ-
ent ways to interpret and work with the self-tracking project material gathered by
the quantified-self community in both current and future research.

The research in this section largely follows a qualitative research methodology
that incorporates the basic principles of hermeneutics [27], which ensures that both
the data and their interpretation are conducted cautiously. For this section, it is cru-
cial to examine these results with a pre-understanding of self-tracking projects
being both inductive and deductive in nature, and to acknowledge a potential confir-
mation bias in the self-tracking projects. As with most qualitative research, given
this approach, it is difficult to generalize the results for the specified population, but
the goal is not to develop a standing thesis about the quantified-self community;
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rather, the goal is to identify current self-tracking trends and patterns within the
sample [28].

The self-tracking projects analyzed in this section are in the form of video record-
ings of a talk related to the project, as presented by its author at a quantified-self
conference. The employed video sampling method was purposive sampling. This
represents several approaches within purposive sampling in qualitative research
methods [28]. The video inclusion criteria included the following: the video mate-
rial had to revolve around a quantified-self project and had to be selected by the
community leaders to be uploaded to the quantified-self website, thus narrowing the
analyzed examples to those presented within the curated content. Therefore, some
of the examined cases are arguably extreme deviant cases, rather than typical self-
tracking project cases.

This research was approached as a bottom-up gathering of data, from which 72
video presentations from quantified-self conferences (2015-2019) were examined
and analyzed based on pre-existing themes and categorizations, as well as on themes
growing from the material while trawling video presentations. Without adding
search filters, the website was trawled from the top (the newest) to bottom, within
the timeframe for the study (14 weeks in total). The website was updated twice
(week 10 and week 14 of 2019) during the project, which means the order of the
videos examined was disrupted at least these twice, and new video presentations
were added during the study period. One video was deemed to be outside the scope
of the project due to it having a vastly different goal to the others (i.e., educational),
in which a use case of ‘quantified-self” as an educational material was presented.
This video was removed from the data set, thus making the actual data set consist of
71 videos. An overview of the 71 analyzed self-tracking projects (authors, titles, and
years of publication) can be found in Appendix 1.

While it may be difficult to fully transform the words and personal experiences
of self-trackers into quantitative evidence, we aimed to present here the qualitative
approach that we employed; categorization and thematic analysis provided the
opportunity to count self-tracking projects and partly quantify some of the material
presented within each project [28]. The thematic analysis is based on examining
project descriptions and identifying two kinds of codes to describe the projects:
descriptive and interpretive codes [29]. The interpretive codes were defined before-
hand (along the WHOQOL subdomains), and the descriptive codes were identified
afterwards and noted within the dataset, as presented later in this section. The codes
were agreed upon by two independent coders.

Results

First, the overall findings are presented per a WHOQOL variable (Sect. 3.4.1), and
afterwards a deeper examination is presented of what is tracked and how it is done,
starting at a macro level and then proceeding into a micro level analysis of different
variables included in each of the projects (Sect. 3.4.2).
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One-Dimensional Presentation of Data and Findings
Sex Self-tracker sample comprised n = 26 females (36%) and n = 45 males (64%).

QoL Domains Figure 1.2 presents the coded self-tracking project along the
WHOQOL-BREF domains. Each project was assigned one main QoL domain, even
if, as presented below, some projects in fact analyzed two or more different subdo-
mains. As seen in Fig. 1.2, the largest domain that was tracked is the physical
domain, embracing variables such as “exercise” and “sleep,” as detailed later. The
distribution of the tracked QoL domains is as follows: physical (n = 41), psycho-
logical (n = 26), social (n = 1), and environmental (n = 3).

QoL Subdomains Figure 1.3 presents the domain distribution with the subdo-
mains. It is important to keep in mind that several projects are marked with more
than one code, due to the projects sometime being cross-field examinations of parts
of the self-tracker’s life, or even holding variables from different domains against
each-other, such as “location tracking” as a facilitation of “memory tracking of
daily life activities,” which in WHOQOL codes corresponds to “env-environ” (loca-
tion) being tracked to keep track of “phy-adl” (activities) (appendix 2) [30]. A total
of 84 codes were applied across 71 videos and are presented in Fig. 1.3 below.

Quantitative Vs. Qualitative Project Each project was assigned to one category
(quantitative or qualitative) depending on its main goal. While the community is
named after the term ‘quantified self’, qualitative studies are also present in the
sample. Studies that have been defined as quantitative rely on datasets derived from
smartphone apps (e.g., location) or wearables (e.g., steps). Studies that were defined

Fig. 1.2 Distribution of
the WHOQOL Domains
Tracked (N)
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Fig. 1.3 Distribution of the WHOQOL Subdomains Tracked

as qualitative relied on journals/diaries or other kinds of self-reporting tools to
describe feelings/emotions or other internal, difficult-to-observe states of individu-
als. Overall, within the sample projects, quantitative projects (n = 59) were more
popular than qualitative projects (n = 12).

Manual Vs. Automatic Tracking Each self-tracking project has an element of
tracking quantitative and/or qualitative data, and this tracking can be realized
through manual (e.g., paper and pencil) or automatic means (e.g., smartphone phone
loggers). Each project was assigned to one category (manual or automatic) depend-
ing on its main goal. The results reveal that the majority of projects include auto-
matic logging (n = 42), whereas the projects with manual logging (via e.g., a
spreadsheet) are less represented (n = 29).
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Fig. 1.4 Projects’ Self-Tracking Frequency

Tracking Frequency Each self-tracking project has an element of tracking of
some data at a specific frequency (from ‘one-off’, i.e., one observation, not repeated,
to repeated ‘daily’ to less frequent), and it was assigned to a category depending on
its main goal. Figure 1.4 presents the tracking frequency, whether it is daily (n = 53),
weekly (n = 5), monthly (n = 5), yearly (n = 1) or one-off (n = 7). The daily group
is the largest group, followed by one-off projects, weekly, monthly, and finally
‘yearly’ tracking.

Self-Tracking Project Duration It was difficult to analyze project duration
because many projects contained no clear indication of their length and were thus
coded as ‘N/A’ (n = 54). This is due to a variety of reasons, but most commonly it
seemed that some projects did not focus on events in a given time duration, but
rather on a number of certain events to be tracked in some (unspecified) observa-
tional period, selected as convenient, or even defined only post-experimentally by
the individual. However, it can be noted that the most common durations range from
1 month (n =3), 1 year (n =7), and 3 years (n = 4) to 10 years (n = 3).

Observational Vs. Interventional Projects With regard to whether the project
was an observation of an individual state or behavior, or explicit intervention (imply-
ing an implicit intention of change of an individual state or behavior), it was found
that observations were the most common aim of individual self-tracking (n = 47).
Interventions were documented within 22 projects. The last two projects led from
observation to intervention on the state or behavior observed at first.

Self-Tracking Tools Used A total of 71 unique commercial and noncommercial
devices and digital tools were identified through the course of this study. For the
sake of simplicity, both actual devices such as wearables and smartphones (and their
apps) were defined as a “self-tracking tool.” Additionally, these seem to have
increasing importance in the quantified-self community as well as in everyday life
[24, 31]. Furthermore, several projects relied on data provided from companies such
as 23andme and uBiome, which were also defined as a rool for self-tracking in this
project. Several projects used multiple tools to gather their desired data. Figure 1.5
illustrates the distribution of the various tools across all 71 projects in a diagram,
where the tools written in larger fonts correspond to the more common tools and
those in smaller ones correspond to less common tools. The color coding is arbitrary.
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Fig. 1.5 Tools Used in Self-Tracking Projects

The most commonly used tool was a spreadsheet (n = 7), which has many affor-
dances with regards to data. It allows for data manipulation and statistical analysis
and cooperates well, for example, with self-written analytics scripts (e.g., Python)
and programs. Other popular tools were wearable devices such as Fitbit (n = 5).
These provide basic biometric information, such as current heart rate and sleep
schedule as well as an activity counter [32]. The Freestyle Libre (n = 5) was another
popular tool in this sample, which is a continuous blood glucose monitor (CGM)
essentially developed for diabetics to minimally invasively monitor their blood glu-
cose levels. Due to its ease of use, availability for ‘over-the-counter’ sale, and
affordable price, nondiabetics also use it [33].

Two-Dimensional Presentation of Data and Findings

Sex Vs. Self-Tracked WHOQOL Domain As seen in Fig. 1.6, the sex distribution
analyzed against the WHOQOL domains illustrates that an imbalanced distribution
exists for physical health tracking (with more male trackers) and an even level of the
tracking of psychological aspects of life, even though male presenters represent the
vast majority of the sample overall (n = 44). It is important to consider these results
for the population analyzed within this section, rather than as results that can be
generalized over a wider population of self-trackers.

Sex Vs. Self-Tracked Variable The top portion of Fig. 1.7 presents the distribution
of all the self-tracking variables among the projects. The variables written in larger
fonts correspond to the most common ones, and those in smaller fonts correspond
to less common variables. The bottom portion of the figure presents the distribution
of self-tracking variables (i.e., independent variables) sorted by the tracker’s sex.
There were n = 46 independent variables identified as categories describing the
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self-tracking project and categorized under the four main WHOQOL domains.
There were relatively few repeated variables, but “productivity” (n = 5) was the
most observed variable for female trackers, whereas “sleep” (n = 4) was the most
observed variable for male trackers. Furthermore, “menstrual cycle” (n = 3) was the
second most tracked independent variable for female trackers, whereas “daily activ-
ities” (n = 3), “running” (n = 3), and “stress” (n = 3) shared this position for male
trackers. The rest of the variables were unique for one or two projects (n = 40
projects).

Discussion

While the results are not generalizable, they do prove one point: the field and inter-
est of the quantified-self projects and inputs to the community are highly diverse
and represent a broad spectrum of self-tracking projects.

The distribution of self-trackers’ sex is interesting to reflect upon. It suggests that
female self-trackers would perhaps be more inclined to conduct a self-tracking
study with an emphasis on psychological means of life, whereas male trackers seem
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Fig. 1.7 Self-Tracked Independent Variables (top) Mapped by the Sex of Self-Trackers (bottom)

more inclined toward physical and environmental studies. While these results do not
necessarily say anything absolute about the correlation of these variables, it is an
interesting perspective on the distribution of sex vs. domain-related projects as well
as personal self-interest.

As for the tools utilized within the self-tracking projects, they varied as greatly
as the variables that were tracked. There was a relatively high number of observa-
tions for tools such as simple spreadsheets. The most tracked WHOQOL category
was the physical health domain, while at the subdomain level it was “activities of
daily life”—a broad category that accommodates numerous types of activities and
diverse tracking approaches depending on the type and frequency of activity tracked.
The self-tracker community is also interested in tracking variables that are not yet
available for autonomous, pervasive tracking leveraging digital tools (e.g., moods
and mental states). This can be seen when analyzing the lesser categories—the
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psychological health domain and more specifically the “thinking, learning, memory,
and concentration” variable, which has high interest and includes self-tracking of,
for example, mindfulness and willpower. Again, to date, these are almost impossible
to track autonomously and pervasively in the daily life of individuals. Our results
indicate that the projects are not necessarily dictated by which self-tracking tools
exist, but rather by curiosity and personal interest in self-tracking.

The results acquired here also provide an interesting perspective on the quantified-
self as a trend itself, since on the one hand we are living in an age where we are
“datafying” ourselves at an increasing rate, while on the other hand data protection
and privacy questions are arising with the digitalization of everyday means [24].
These questions will become even more urgent to tackle with the emergence of tools
tracking psychological health [34, 35].

In addition, the acquired results bring into question the ultimate goal of self-
tracking. The idea of the quantified-self stems from the idea of converting aspects of
life into numbers and statistics, rather than (qualitative) writing in a daily journal to
keep up with life. This can be described as the aspect of self-betterment, in which
individuals seek to better understand themselves through numbers and analyses of
everyday actions [24]. With roughly two out of three projects being observational in
nature, this does not mean that the individuals involved do not seek behavior change,
but it may be a distant goal rather than an immediate need. The immediate need
focuses on understanding factors influencing one’s own behavior and state. Few
cases have provided evidence that the results of an observation could be transformed
into an intervention, specifically when the results have been too crucial to ignore for
the individual self-tracker. One such case was a male individual who felt upset with
drivers looking at their personal devices while driving. He decided to investigate his
own behavior while driving and set up a quantified-self project to help him reach his
goal of spending even less time looking at his phone while driving. He hypothesized
that the results would indicate that he was much better than other drivers; however,
that was not the case, as he realized he spent up to 25% of his time while driving on
his phone (up to around 25 minutes per a day along a 100-minute commute). This
observation called for an immediate intervention, and this self-tracker ultimately
bought a bike for smaller trips—which also implied he was getting some physical
activity while commuting (and not using his phone) [36]. This is just one example
of a self-tracking project—including meticulous observation and self-reflection—
turning into an intervention.

Limitations

An array of limitations arose in this study, which stemmed from the methodological
approach as well as the approach to data analysis. This section presents some of
these limitations.

At first, the coding and categories examined in the study were predefined, par-
tially based on the WHOQOL and only loosely based on existing literature. The



18 S. Wulfovich et al.

other categorizations (the study duration and tools used) were agreed upon between
two independent coders (having 90% agreement) as to what could prove to be inter-
esting for the domain of QoLT, rather than what was found interesting in previous
studies informing the QoL domain. This led to several categories yielding insuffi-
cient results or not covering relevant aspects of the research. Two examples are
additional coding dimensions discussed along the “work/leisure” category (i.e., the
professional or personal domain aim of the project) and the “chronic illness” cate-
gory (i.e., if the self-tracker was a patient). It was proposed that, when identifying
relevant categories, projects related to either work or leisure could yield interesting
results; instead, it was almost impossible to define whether a project was solely
based on or related to individuals’ work or leisure activities, and most categoriza-
tions ended up being a mixture of the two, which were then omitted. The self-
trackers approached their self-tracking projects—as well as their own
lives—holistically, and the projects encompassed these two domains. It was also
proposed that chronic illness of the self-tracker, if applicable to his or her condition,
could prove interesting to examine, especially if it was explicitly stated to be a
major part (and potentially part of the aim) of the project. It turned out that just five
out of 71 projects were based on chronic conditions, thus making it difficult to
examine this dimension thoroughly.

We only analyzed a small percentage of the whole set of self-tracked proj-
ects (using the video database of quantified-self talks) that could have been
examined. Our material only provides a narrow view of the overall population
and its recent projects and cannot be generalized. Overall, the nature of qualita-
tive studies makes it difficult to replicate their results, as the qualitative under-
standing and perception of material may differ in the “eyes of the analyzer.” [28]

This research does not derive or even suggest correlations between multiple vari-
ables, which could have proved to be an interesting aim on its own and should be
considered in future work in the field, especially when larger datasets are acquired.
Another limitation with regards to multivariate analysis is a lack of acquisition of
basic information about the individuals studied. The only personal information col-
lected is sex, which does not distinguish level of education, age, country of origin,
cultural background, attitudes, or motivations for specific self-tracked variable(s),
nor does it distinguish the level of digital literacy, which may be of importance
when discussing the tools employed and use of data. These variables would have
been paramount to include in an actual multivariate analysis, but it has not been
possible to include them due to the structure of the datasets (i.e., the data were
derived from videos).

Concluding Remarks on Self-Tracking and Quality of Life

While it is still too early to conclude anything that could be generalized to the
population of the quantified-self community, which could then be applied to
quantifying QoL, several valuable observations should be noted. Male
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individuals were still dominant in the sample of self-trackers, which was also
presupposed [24]. The projects have mostly focused on the physical domain of
QoL, whereas the social domain has been focused on the least. Tools enabling
automatic tracking of variables have been more commonly used as a method for
collecting data within the projects. At a more specific level, physical health—
“activities of daily life” is the most tracked subdomain across all QoL domains,
with the next most common being psychological health—*thinking, learning,
memory, and concentration.” Overall, individuals track many different categories
of their lives and only a few variables are more dominant than others, namely
“sleep,” “stress,” and “running” are the dominant variables for males, whereas
“productivity” and “menstrual cycle” are for females. In total, 47 projects were
observational, and thus had no inherent goal of changing the behavior of the indi-
vidual, and 22 projects were designed to be behavioral interventions from the
beginning. Two observational projects led to interventions. These behavioral
interventions were self-designed and self-tracked and led to sustainable behavior
change in most cases.

What we are able to derive from self-trackers is that their attitude, motivation,
and overall curiosity-driven and personalized approach are likely to lead to effective
change and improvement in the understanding of factors influencing the behavior or
state, or to sustainable change in this behavior.

Future Outlook: Importance of Improving Quality
of Life Quantification

Quality of life is a critical outcome in daily life and in medicine. Long-term QoL
stems from behaviors and states that are repeated frequently; therefore, long-term
QoL may be extrapolated through the quantification of these (short-term) behav-
iors/states. The quantified-self community’s efforts illustrate that we can leverage
various existing and emerging tools to observe and understand our own behaviors
and states, and improve them through self-management as well as meticulously
designed, highly personalized interventions. An integral part of future research
on QoL technologies and their use in medicine is an interdisciplinary effort for
achieving a user-centric and holistic approach, including physical, psychological,
social, and environmental viewpoints. An interdisciplinary approach is required
because assessment and management of behavior in medicine cannot be readily
completed using solely one of the dimensions (e.g., physical) or by one system-
atic methodological approach (e.g., qualitative or quantitative). Holistic individ-
ual assessment and improvement research will bring new approaches to theory,
design, methods, measurement, and data analysis specific to each dimension, thus
deepening it while enabling breadth. Because of the technological and method-
ological advances required, such research is a long-term process rather than a
short-term self-contained activity.
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The QoLT field is in its nascent stage. This book presents an overview of the
state-of-the-art methods and tools for quantifying daily life, health, and QoL state
through QoLT across all the QoL domains and subdomains. An enhanced under-
standing of technology-enabled or -supported continuous assessment methods of
behaviors and states will allow for an improved understanding and modeling of the
short- as well as long-term health and QoL of individuals.

Appendices

Appendix 1
Quantified-Self Talks (Author Name: Title, Year) Year
Steven Jonas: Stressing out loud 2013
Kendra Albert: The great book project of 2013 2014
Valerie Lanard: Breaking the TV habit 2015
Jim McCarter: Effects of a year in ketosis 2015
Ilyse Magy: Know thy cycle, know thy self 2016
Ellis Bartholomeus: Draw a face a day 2016
Robert Macdonell: The data is in, I am a distracted driver 2016
Ahnjili Zhuparris: Menstrual cycles, 50 cents and right swipes 2016
Randy Sargent: Unlocking patterns with spectograms 2016
Richard sprague: Microbiome gut cleanse 2016

Peter Torelli: Narratives hidden in 20 years of personal financial | 2016
data

Abe gong: Changing sleep habits with unforgettable reminders 2016
Mark Leavitt: Daily HRV as a measure of health and willpower 2016

Akhsar Kharebov: A smart scale for healthy weight loss 2016
Shelly Jang: Can you see that I was falling in love? 2016
Steven cartwright: 17 years of location tracking 2016

Paul Lafontaine: Using heart rate variability to analyze stress in | 2016
conversation

Jon cousins: Why I weighed my whiskers 2016
Mark Wilson: Three years of logging my inbox 2016
Bethany Soule: Extreme productivity 2016
Jacek Smolicki: Self-tracking as an artistic practice 2016
Robby Macdonell: The data is in, I am a distracted driver 2016
Randy Sargent: Unlocking patterns with spectograms 2016

Thomas Christiansen: Over-instrumented running: What I learned | 2017
from doing too much

Ahnjili ZhuParris: Finding my psychedelic sweet spot using R 2017
Stephen cartwright: Seeing my data in 3d 2017
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Quantified-Self Talks (Author Name: Title, Year) Year
Whitney Erin Boesel: My numbers sucked but I made this baby 2017
anyway

Kyril Potapov: Tracking productivity for personal growth 2017
Lillian Karabaic: What if my life was the economy of A small 2017
country?

Sara Riggare: Balancing neurotransmitters in neurological illness | 2017
Ellis Bartholomeus: My health scars 2017
Robin Weis: Crying 2017
Azure Grant: Hot stuff: Body temperature and ovulatory cycles 2017
Justin Lawler: Taking on my osteoporosis 2017
Azure Grant: My biological rhythms in sickness and in health 2018
Thomas Blomseth Christiansen: Which grasses aggravate my 2018
allergies?

Mikey Sklar: Three marathons on zero calories 2018
Justin Lawler: Tracking glucose as A person without diabetes 2018
Madison Lukaczyk: How work distractions affect my focus 2018
Whitney Erin Boesel: Cholesterol levels while nursing 2018
Benjamin best: My blood values from diet and other activities 2018
Albara Alohali: Running storytelling 2018
Lydia Lutsyshyna: Separating work and home 2018
Benjamin Smarr: Does my stomach anticipate my meals? 2018
Shamay Agaron: Tracking breathing to control my focus 2018
Maggie Delano: Quantifying my Phd: Pomodoros and 2018
productivity

Jessica Ching: Learning an impossible form of exercise 2018
Kyrill Potapov: What Insidetracker taught me about my five-day | 2018
Jast

Daniel reeves: Tracking my personal reliability 2018
Fah Sathirapongsasuti: Blood oxygen on Mt. Everest 2018
Mad ball: A self-study of my Child’s genetic risk 2018
Aaron Parecki: Ten years of tracking my location 2018
Aaron Yih: Tracking across generations 2018
Alec Rogers: What I'm learning from my meditation app 2018
Jordan Clark: Quantifying the effects of microaggressions 2018
Jakob Eg Larsen: My headaches from tracking headaches 2018
Todd Greco: Building my external brain 2018
Lillian Karabaic: #100daysofgs: Daily art from data 2018
Ralph Pethica: Finding the optimal training zone 2018
Anna Franziska Michel: Using running and cycling data to 2018
inform my fashion

Eli Ricker: Tracking what I do versus what I say I'll do 2018
Shara Raqgs: Estrogen and invention 2018
Stephen Maher: A decade of tracking headaches 2018
Valerie Lanard: Learning from excuses 2018
Eric Jain: Four weeks of blood sugar tracking 2019
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Quantified-Self Talks (Author Name: Title, Year) Year
Kyrill Potapov: Finding my optimum Reading speed N/A
Rocio Chongtay: Quantified brain and music for self-tuning N/A
Mark Drangsholt: What causes my heart rhythm disorder N/A
Steven Jonas: Memorizing my daybook N/A
Steven Jonas: Spaced listening N/A
Ari Meisel: Experiments in treating my Crohn’s disease N/A
Appendix 2

WHOQOL Codes used for categorizing projects from the quantified-self commu-
nity, following past work of Wac [37].

QoL Domain Subdomains

‘Phy’: Physical health | Phy-adl, phy-meds, phy-energy, phy-mobility, phy-pain, phy-sleep,
phy-work

‘Psy’:Psychological Psy-bodyimage, psy-negativefeel, psy-positivefeel, psy-selfesteem,
health psy-beliefs, psy-thinking

‘Soc’:Social relations | Soc-relationships, soc-support, soc-sex

‘Env’:Environment Env-finances, env-freedom, env-healthcare, env-home, env-info,
env-leisure, env-environ, env-transport
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Chapter 2

Assessing Activity of Daily Living through
Technology-Enabled Tools: Mobility

and Nutrition Assessment: MiranaBot:

A Nutrition Assessment Use Case

Mirana Randriambelonoro

Introduction

Developed countries are facing the challenge of ageing societies, lack of infrastruc-
ture for healthcare and high cost of care. Researchers have been attempting to
answer these problems by using innovative technology to promote healthy ageing
[1]. Rather than the absence of disease, “healthy ageing” is defined as a process that
enables older people to continue to do the things that are important for them such as
performing activity of daily living, maintaining social contact and conserving dig-
nity [2-4].

Activities of Daily Living (ADLs) include individual’s basic physical needs such
as dressing, feeding, personal hygiene, continence and transferring [5]. To assess
individual’s level of independence, researchers and clinicians often measure the
ability to perform ADLSs’ tasks through different approaches such as self-report and
performance-based measures [6]. However, these methods which are commonly
completed by caregivers are not completely free of bias and are sometimes subject
to under or overestimation of the individual’s true functioning [7].

Besides, the Quantified Self (QS) movement is gaining more and more attention.
It is an emerging trend, which allows individuals to self-monitor or self-track their
daily life activities, to analyze and self-reflect on their behaviors, and to bring poten-
tial change in their daily habits [8, 9]. Furthermore, with the recent development of
monitoring technologies and artificial intelligence techniques, the possibilities to
automatically distinguish between different ADLs and detect unexpected events
such as falls, have become an interesting, important and potentially impactful topic
[10]. How efficient these tools are, to assess and improve ADLs, needs further
investigations.
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This chapter will present the standard validated scales for ADLs and the current
researches on the use of technologies to assess one’s ability to perform ADLs,
mainly indoor-outdoor mobility and nutrition. To expand our overview on the topic,
the focus will be on elderly as well as on younger and healthier individuals. We then
follow with a nutrition use case assessment based on a conversational agent called
“MiranaBot”.

Conclusive remarks will emphasize the necessity to consider behavioral science
along with cultural and environmental context to elaborate personalized monitoring
and intervention strategies, which will be translated to innovative solutions to pro-
mote independence at home.

State of the Art
Activities of Daily Living (ADLs)

Created by Sidney Katz in 1950 [11, 12], the term “Activities of Daily Living”
refers to the fundamental skills required to care for one-self and live independently.
ADLs include dressing, feeding, personal hygiene, continence and transferring [5].
ADL dependence is often associated with lower quality of life, higher healthcare
costs, higher risk of mortality and institutionalization [13—15]. Assessing individu-
al’s ADLs is therefore essential, especially for vulnerable population who may need
assistance in performing these activities. In this chapter, the focus will be on indoor/
outdoor mobility and nutrition.

Mobility is defined as the ability to move oneself from one point (or state) to
another inside and outside the home environment to maintain a certain level of inde-
pendence [16, 17]. As activity restriction is associated with various physical decon-
ditioning effects and decreased rates of social involvement, mobility is closely
linked to health status and quality of life. Researchers has been attempting to pro-
pose a mobility model based on multiple factors such as cognitive, social, physical,
environmental, financial as well as gender, culture and age, which all may influence
individual’s mobility in different way [16]. As people age, decreased mobility is
often predictor of falls and physical disabilities [18]. Consequently, there is a grow-
ing interest in measuring mobility and determining the factors that influence mobil-
ity to strengthen the physical and functional capacities of older adults.

Nutrition capacity or the ability to eat is a part of the essential ADLs to maintain
an independent life [5]. Food intake plays a crucial role in individual’s life and
momentary, as well as long-term health and quality of life. Research on nutrition sci-
ence, human nutrition, preventive nutrition, clinical nutrition and public health nutri-
tion has been specifically on the rise the past years [19], to treat and prevent medical
conditions such as diabetes [20] or sarcopenia [21] and ensure a better quality of life
[22]. Reliably measuring not only the quantity but also the quality and the frequency
of food intake is therefore very important to picture one’s nutritional habits and to be
able to recommend adapted and personalized advice or treatment to the person.
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Validated Scales for ADLs

Several methods, such as self-report, caregiver report, or direct observation, have
been used to measure the degree of independence in ADLs. Self-reporting is easy to
perform and are often used when direct observation is not possible, or if the person
presents no cognitive deficiency. Nevertheless, the self-reports may be biased and
less valid when ones have difficulties to evaluate their functional capacity [23, 24].
Performance-based assessments imply in-lab assessment of the individual’s ability
and skills for self-care using mock settings, role play and simulation of real-world
environment. They may provide accurate information about the ability to execute
the ADLs but typically require more qualified assessor to be performed, compared
to self-reporting or informant reports. Table 2.1 presents four main validated scales
widely used to measure ADLs in older adults or patients with cognitive or mobility
impairment as well as their benefits and drawbacks.

Although these scales are validated and standardized, they are, first, often depen-
dent of an informant or a caregiver, which may include biases and, second, mainly
performed in the control settings of the hospital. Being able to automatically assess
ADLs at the home environment would benefit individual’s health in terms of disease
prevention and treatment but would also enhance individual’s quality of life and
independence. In the following section, we will review the current researches on the
use of technologies to assess one’s ability to perform ADLSs, mainly indoor-outdoor
mobility and nutrition.

Technology-Enabled Tools to Assess Indoor-Outdoor
Mobility

Over the last few years, Global Positioning System (GPS) technology, embedded in
personal smartphone, has become the leading solution for outdoor positioning, and
new technologies for indoor positioning and navigation exponentially expanded.
Smart devices with embedded inertial sensors, radio beacons and image processing
are just few examples of the systems deployed to assess indoor mobility. As most of
the times, choosing one solution for any type of mobility assessment scenario is
proven to be not possible, ongoing developments tend to combine different tech-
nologies to find the best balance between precision, cost, robustness, scalability and
energy consumption [31]. With respect to the ADLs, such solutions enable assess-
ment of the indoor-outdoor mobility. Some of them may enable recognition of activ-
ities such as transfer, use of stairs, dressing, meal preparation or use of rooms
(bathroom, toilet and kitchen). Privacy concerns and environmental context recog-
nition are often discussed in the research when choosing one or more systems for
assessing mobility. In this section, we will review the current research on systems
for mobility measurement by emphasizing two main categories: activity recognition
and wireless indoor-outdoor positioning systems.
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Activity Recognition

Activity recognition is focusing on distinguishing a person’s activities (sedentary:
sleeping, sitting /active: walking, using stairs, cooking, etc.) in a given space is now
currently performed using two types of technologies: vision-based systems and
sensor-based systems [32, 33].

The vision-based recognition focuses on the processing and evaluation of video
data from cameras or low-cost integrated depth sensor. Cameras installed in fixed
positions can be fitted to the environment. In this case, the goal is to locate a moving
target in images that are taken by one or more cameras [31]. Commons examples
include video-based exercise program which allow user, caregiver or family to track
daily exercise. Ayase et al. [34] investigated a “multimedia fitness exercise progress
notes” which forwarded the video recording of elderly exercise movements to a
research center, which were used to identify the duration, the distances and the
angle of the movement. Another study [35] tried to analyze sit-to-stand motion from
monocular videos by comparing the images received with the motion of a human
body model. Li et al. [36] proposed a system that could extract gait features by using
images from two orthogonal viewing cameras. Although optical systems show bet-
ter accuracy nowadays [37], they remain intrusive, costly and are often limited to
specific environments in which variable lighting and other disturbances can be con-
trolled. However, attentions are now given to mobile and low-cost solutions based
on camera embedded in mobile phone [38, 39]. Kahlert and Ehrhardt [40] used a
photo-based ambulatory assessment to measure out-of-home mobility and social
participation of older adults. The use of video and image may however be recog-
nized as potentially privacy-threatening.

Sensor-based recognition includes the use of pressure sensors, accelerometers,
magnetic sensors and gyroscopes embedded within an environment, where the indi-
vidual is active (or not). On one hand, smart floors and smart furniture are based on
pressure sensitive sensors installed on or under the corresponding materials and
focus either on load cell systems or pixelated surfaces. Load cell systems use sepa-
rated sensors embedded on tiles and try to compute user location by sensing vertical
force applied to the tiles [41, 42]. Pixelated surfaces on the contrary embed many
sensors working as binary switches when someone is standing or moving on the
surfaces [43—45]. Other furniture such as chairs and beds can also be embedded
with pressure sensors to assess user mobility. Merilampi et al. [46] tested an exer-
game coupled with a smart chair where users were asked to stand up and sit to play
the game. On the other hand, the emergence and progress of wearables technologies
have opened a door to develop different tools to assess individual’s mobility. Non-
invasive off-the-shelf sensors such as wearables, smart clothes or smartphones have
gained more and more attention for their potential to recognize indoor and outdoor
activities while being continuously embedded on/around the user. Several reviews
[47—49] discuss the potential of physical activity monitoring using accelerometry
techniques to enable activity measurement of individuals in a free-living environ-
ment. Steps and activity intensity are often measured through an off-the-shelf sen-
sors or a smartphone and used to estimate energy expenditure following a physical
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activity. Furthermore, Berglind et al. [S0] showed in their study that smartphone
apps can be as efficient as supervised exercise sessions (assessing the activities of
the user) to improve body composition and cardiorespiratory fitness.

Wireless Indoor-Outdoor Positioning Systems

Through the past few years, several wireless technologies and techniques have been
used and researched to assess indoor-outdoor positioning and navigation. Infrared,
Ultrasound, Wi-Fi (Wireless Fidelity), RFID (Radio Frequency Identification),
Bluetooth are mainly used indoor [31] while GPS (Global Positioning System)
often represent outdoor solution [51].

All of them present advantages and drawbacks, which have to be considered
while choosing the right solution. Infrared transmits infrared signals and compute
the distance between the emitter and the receiver to locate the user. The main advan-
tages are the absence of radio electromagnetic interference and an adjustable power
of transmission. However, it can be costly to implement, less accurate and often
requires a line of sight between transmitter and receiver to function properly [52].
Ultrasound systems use similar techniques by transmitting ultrasonic waves to
assess the distance between fixed receivers and a mobile target. Synchronization of
multiple receivers is then necessary. This system is relatively low-cost and could
bypass indoors obstruction, but large-scale implementation remains complex and
temperature variation could influence the speed of the sound [53]. Wi-Fi-based and
Bluetooth-based systems are also known for being low-cost as it can localize every
Wi-Fi compatible device without any extra installation, but it has lower accuracy and
could induce large power consumption for smartphone [54, 55]. RFID system works
without direct line of sight. Nevertheless, the intensity of the signal depends on the
density of the obstacles in the building, and therefore precision is always reduced.
However, RFID technology has more benefit such as better data rate, high security
and compactness [56]. GPS-based applications are now widely used to track outdoor
mobility. GPS-based navigation services are also often investigated in the context of
facilitating visually impaired people mobility [57]. When combined with other
devices such as accelerometers, the GPS system shows better accuracy in identify-
ing the type of activity [58]. Weber and Porter [59] examined the feasibility of using
GPS watch and accelerometers to monitor walking and community mobility in older
adults and found promising results for monitoring community mobility patterns.

Technology-Enabled Tools to Assess Nutrition

Regarding techniques and technologies to assess nutrition which is important when
assessing the meal preparation and feeding abilities of an individual, we also distin-
guish between vision-based systems, sensor-based systems and self-assessment via
mobile applications.
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Ghali et al. [60] designed a system using cameras to provide real-time feedback
to stroke patients while performing daily activities such as making a cup of coffee.
They used histogram-based recognition methods to compare the recorded move-
ment to a target task model and identify key events. P-W Lo et al. [61] investigated
a vision-based dietary assessment approach to estimate food volume by using
mobile phone 3D camera, deep learning and deep sensing techniques. They con-
cluded an efficiency in portion size estimation even under view occlusion (food
items scanned only from the front view). Pettitt et al. [62] combined micro-camera
images with food diaries and improved the accuracy of dietary assessment. Their
system also provided valuable information on macronutrient intake and eating rate.
Gemming and al [63]. used a wearable camera to capture and categorize the envi-
ronmental and social context of self-identified eating episodes and found that these
contexts could be assessed objectively by using wearable cameras. Most of the eat-
ing episodes were at home and indoors, seated at tables or sofas but also standing or
at a desk.

Sensor-based systems include the uses of furniture embedded sensors such as
smart fork, smart table or smart plate. Zhou et al. [64] developed an unobtrusive
smart table surface and were able to distinguish between different eating actions,
such as cutting, scooping and poking. They could also indicate the type of food
taken and the way the meal is consumed. Qualitative study [65] evaluating smart
fork to decrease eating has been conducted and demonstrated user awareness of eat-
ing rate. However, the incapacity of the fork to consider meal characteristics, were
less appreciated. Huang et al. [66] prototyped a smart utensil which analyzes light
spectra reflected by foods that differ for every food ingredient. They could recog-
nize up to 20 types of aliments with 93% accuracy. Mertes et al. [67] proposed a
novel plate system that can detect weight and location of individual bites during
meals. They used a compartmented plate were filled with different type of food and
initially weighed. Depending on the weight variation, they could detect the category
of food eaten by the user.

The most common techniques to assess nutrition are through self-assessment via
an application or a platform. Todays’ systems are not only trying to measure food
intake but based on nutrition habits, recommends healthy diet. Food recommender
systems have received increasing attention to help people adopt healthier eating
behavior. These systems focus on suggesting appropriate food items based on indi-
viduals’ preferences and health conditions [68, 69]. Nevertheless, despite the exten-
sive research and the large number of existing nutrition applications, food
recommender systems are still facing many challenges in terms of nutrition habits
tracking and delivery of the proper recommendations [70, 71]. People find it often
difficult and time consuming to enter manually their food every day in the system.
Many studies are also facing the uncertainty of the information given by the users as
they may not know or tend to forget what they have eaten which makes it more chal-
lenging for the system to recommend the correct food item. Additionally, many
studies have shown that the recommendation is not necessarily followed by a change
in the behavior [72]. There is still a lack of understanding in how to incorporate
efficiently behavior change techniques into a food recommender system.
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Use Case: Nutrition Assessment

With the recent development in natural language understanding, conversational
agents defined as a dialog system that supports human-like conversational interac-
tion, have gained popularity over the past three years. In the nutrition domain, they
allow to collect user data in an easy and user-friendly manner. Researchers have
developed a Web-based prototype of a speech-controlled nutrition-logging system,
which converts the entry spoken by the users into calories intake [73]. Others
researched a chatbot that help people reduce their meat and increase fruits and veg-
etables consumption [74]. Users were able to set nutrition goals themselves and had
a follow-up with the system every day. Although, only 11% could reach their objec-
tives, more than half of the participants showed positive changes in their nutri-
tion habits.

We developed a conversational agent called “MiranaBot” that helps the user to
assess their nutritional patterns and to be aware of their eating habits in terms of
variety and regularity.

Interviews, observations and focus groups, presented in the methodology below,
were conducted to collect the requirements from users and caregivers for an effi-
cient nutritional conversational agent.

Rather than focusing on food quantity and nutritional value, the system targets
the variety of the individuals’ diet. From a regular description of the individual’s
meals during a certain period, “MiranaBot” is able to assess the quality of their
nutrition, identify the foods they need to consume less, and explain why and how to
replace them. The system proposes personalized solutions tailored to the older
adults’ needs and context (Fig. 2.1).

Fig. 2.1 Graphical User Interface—MiranaBot—Speech interface
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Methodology

We conducted a qualitative study with 10 obese and diabetic patients, 2 nutritionists
and 1 physician with a specific expertise on therapeutic education of chronically-ill
patients from University of Geneva hospital in Switzerland. Nutrition and overall
self-management with respect to nutrition, usually implying the need for nutritional
behavior change, plays a vital role in the self-management of disease for these
patients; their future health state depends on the daily nutrition patterns. Observation
sessions, focus group and semi-structured interviews were performed to get insights
from the different participants. The prototype was developed through an iterative
process, following the agile development principles [75]. A first prototype was
developed within 4 weeks and changes were quickly implemented according to the
participants feedback and in collaboration with them.

To understand patient’s current self-management with respect to nutrition, and
identify barriers for adopting a healthy nutrition, we first observed 4 consultation
sessions led by a physician at the therapeutic education center. In addition, we fol-
lowed a group of 10 patients for one-week period, while they came to the center for
a workshop to learn about their disease. To inquire about their needs and their issues,
we conducted a focus group with the patients, while presenting them the first proto-
type of the application. We conducted a semi-structured interview with one physi-
cian and two nutritionists, who helped us to understand the real issues faced by the
patients as well as the complexity of nutritional behavior change. The nutritionists
participated in creating the nutritional database, we later used in the application.

We then selected the corresponding Behavior Change Techniques (BCTs) from
the literature aiming at and answering and fulfilling the needs and requirements
identified for the MiranaBot. These BCTs are then converted into a set of function-
alities that we incorporated in MiranaBot.

Factors Influencing Nutrition Self-Management

Our observation followed by the discussion with the patients and the health profes-
sionals gave us insights on the barriers for patients to adopt a healthy nutrition as
well as their needs and requirements for a successful behavior change. N1, N2 and
P are used to refer to the nutritionists (N) and the physician (P). Patients are
addressed as P1 to P10.

Barriers to Healthy Nutrition

Lack of regularity, lack of variety, false belief and hunger unawareness were identi-
fied as the main barriers to healthy nutrition.
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Lack of Regularity

Nutritionists identified the lack of regularity in eating as the first issue commonly
faced by their patients. N1 said “Most of our patients are not eating three times a
day. They are not taking breakfast, neither a lunch, which make them starve for a big
quantity of food later during the day or at night.” P6 mentioned “I don’t really have
time because of my job, so I'm just grabbing some food that I can easily find when
[ finish my round. It’s easier like that for me.” P3 added “I don’t eat breakfast, I'm
used to that. At lunch, I just grab some sandwiches, but I come back home, I think [
deserve a big dinner. I'm usually very hungry at night.”

Lack of Variety

Health professionals also mentioned the lack of food variety as a recurring issue
observed in chronically-ill patients. N1 stated “We often share the optimal plate
during our workshop because most of our patients have difficulty to bring variety to
their food. They are often eating the same aliment every day”. P4 said “I have to
admit that I'm always eating pasta and pizza, because I like them, and you know, it’s
not expensive.” P9 added “I'm always buying the same thing when I do my grocer-
ies. I don’t allow a lot of surprise about my food. I already have my personal habits.”

False Belief

Following a consultation with a patient, the physician shared with us that one of the
most difficult issue they face as health professionals is patients’ false beliefs. P said,
“As one of my patients heard that olive oil was good for the heart, he started to put
a big quantity of olive oil in everything he eats.” During the session with her doctor,
P2 shared “You know doctor, I only eat fresh cheese every day. Whatever is the
menu, I always have my fresh cheese. It is fresh, so for me that’s healthy.”

Hunger Unawareness

Nutritionists and physician both mentioned the complexity of nutritional behavior
change due to the different external and internal factors influencing people to eat. P
shared with us “Most of the time, when patients comes here, it is not only about
food. It’s about how they face the loss of their loved ones or the family problem they
have. It’s much more than a food addiction.” N2 stated “It often happen that the
patients do not eat because they feel hungry but rather to fill a void inside them.” P7
added “You know, I just eat automatically because there is food there, I don’t think
too much about why.” P4 stated “I’'m not always feeling good after eating, that’s
how I somehow realize maybe that was too much.”

Needs and Requirements

Monitoring, education, empowerment and practicality were identified as the main
needs and requirements and facilitators for nutrition behavior change approach.

Monitoring

Patients and health professionals both shared the need for a monitoring tool to raise
self-awareness on patients’ nutritional habits. P5 said “It’s true that I don’t always
remember the food I ate. So, I don’t really realize how I eat. If a tool can help me
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know that, why not?” P7 added “The nutritionist asked me to describe what I ate on
a diary, so that she can know how to help me. I guess it’s important to monitor what
we eat but it is not always easy.” N2 stated “Just being aware of what and how they
eat would already represents a big advancement because a lot of my patients do not
even think of how much and why they eat. That’s the real issue. It is essential for
them to monitor their eating habits.”

Education

The plethora of nutritional advice and beliefs accessible on the web make it often
difficult for patients to identify trustworthy information. Patients appreciated the
one-week workshop organized by the hospital as it taught them trustworthy and
practical tips to change their habits. P6 said “You know before coming here, I
thought drinking smoothie should be fine as it is just fruits. I did not know that fruits
also contain sugar and drinking a lot of smoothie is really not healthy.” N1 men-
tioned “During our session here, we teach our patients to always eat proteins, carbs
and vegetable. We share simple tricks to measure portion. Our patients need that.”

Empowerment

From the perspective of the health professionals, there is no “one size fit all” solu-
tion for everyone. Their role remains to give the necessary education. It is then up
to the patients to build their own strategy and apply it for changing their behavior.
P4 effectively confirmed “I won't like it if you tell me what I have to eat. I should be
free to choose what I like as long as I follow your general recommendation.”

Practicality

Most of our participants expressed the need for a practical and simple solution. P8
shared “I used a nutrition application before to record my food, but it was too time
consuming, so I gave up.” N2 mentioned “Specifying the quantity of your pasta and
beef is not so obvious. Patients need a hands-on tool that would motivate them and
make their life easy.”

Summary

Lack of regularity, lack of variety, false belief and hunger unawareness were identi-
fied as the main barriers to healthy nutrition; whereas monitoring, education,
empowerment and practicality were identified as the main needs and requirements
for nutrition behavior change. Considering these findings, we selected appropriate
BCTs to include inside our systems, as described in the next sections.

MiranaBot: Behavior Change Theory and Techniques in Action

Multiple researches have been conducted to identify motivational strategies for
behavior change, especially in the nutrition and physical activity domain [76, 77].
Studies grounded in behavior theory appeared to show a positive impact on patient
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Table 2.2 Mapping of requirements/barriers and the proposed BCTs

Needs and Barriers to healthy
requirements nutrition BCTs
Monitoring Self-monitoring (eating habits history)
Lack of regularity Personalized visual feedback (visual cue showing
the time of eating)
Lack of variety Personalized visual feedback (illustrating the type
and the percentage of food eaten on plate)
Education False belief Personalized education (through the chatbot)
Empowerment Goal setting (with information on goal progression)
Hunger unawareness | Self-awareness (asking the reason of eating before
each meal)
Practicality Simple and user-friendly system (speech interface,
visualization)

health behavior. Sawesi et al. [78] demonstrated a significant relationship between
theory-based health behavior change intervention and patient engagement. Various
systematic reviews and meta-analysis [79-81] showed that efficacy of dietary inter-
vention is associated with well-defined behavior change techniques like: social sup-
port, increased contact frequency with the therapeutic team, goal setting, just-in-time
feedback on behavior, review of goal progress and self-monitoring.

There are many models and theories on behavior change, some focusing on parts
of the behavior change process [82], while others are more holistic, aiming to
include all factors that can influence behavior change [83]. “MiranaBot” is based on
the Self-regulation theory [84] and the COM-B (Capability, Opportunity, Motivation,
Behavior) model [82]. Self-monitoring, personalized visual feedback, goal setting,
self-awareness and personalized education were the behavior change techniques
incorporated in the tool. Table 2.2 summarizes the mapping of the different require-
ments, barriers with the proposed BCTs (Fig. 2.2).

Self-Monitoring

“MiranaBot” allows the users to track their nutrition easily by asking them to briefly
describe what they ate after each meal in terms of portions. The system will assess
the portion size and initially train the users on the portion size to help them describe
their meals as best as possible.

Personalized Visual Feedback
“MiranaBot” provides visual feedback every day regarding nutrition variety and

regularity. Food variety is illustrated on a plate showing the ratio of proteins, carbo-
hydrates and vegetables consumed by the user versus the optimal plate suggested by
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Fig. 2.2 Behavior change theories and techniques operationalized within MiranaBot

the Swiss Society of Nutrition [85]. A visual watch resuming the individual’s eating
times is intended to encourage self-reflection on their nutrition regularity.

Goal Setting

Following a training period analyzing the eating habits of the users, “MiranaBot”
allows them to set personal goals, such as “eating three meals a day” or reducing
“bread” and to define a timeline to reach their goals. Prompt reminders and useful
information are provided to the users to help them reaching their goal.

Self-Awareness

Research has demonstrated that the reason to eat for most patients with chronic
conditions are rather linked to psychological issues (emotions, stress, anxiety) or
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automatic behavior, than hunger itself [86, 87]. “MiranaBot” raises awareness of
real physical hunger by asking users how they are feeling before and after each meal.

Personalized Education

“MiranaBot” is developed to be continuously available to answer users’ questions
during the process of change. Advice on food item alternatives, benefits of healthy
nutrition behavior and promptly reminders towards their personal goals are fre-
quently delivered.

MiranaBot: Components and Functionalities

“Mirana” refers to the overall system, providing “MiranaBot” service, as one of the
components. Figure 2.3 illustrates the process and the different technical modules
of the conversational agent. “Mirana” is composed of four main components: the
speech to text module, the text analysis module, the natural conversation module
and the graphical user interface. We denote as “nuggets” the results of “Mirana”
analysis after a certain period of data collection from the individual; focusing on
types of foods that may need to be replaced by others, to achieve healthier nutri-
tional outcomes. For example, a nugget could be “bread”, then the recommendation
through the natural conversation module or the Graphic User Interface Module
would be “let’s reduce bread consumption by Y4 for a week. Here is what you can
eat instead of bread”.

Speech to Text Module

Users can easily describe, vocally, what they have eaten after each meal. This
voice description is then converted in real time into text using DialogFlow,
Google’s human—computer interaction technologies based on natural language

|
User Voice Input Speech-To-Text Text Analysis Muggets
Py Pe & Bhiiinis 199 HELPEUL
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Fig. 2.3 Process and components of Mirana, including MiranaBot
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conversations.! Data are stored in the secure server of the researcher’s institution
in Switzerland. MiranaBot is now available in three languages, namely French,
English and Danish.

Text Analysis Module

MiranaBot analyses users’ every day food data to provide them with daily and
weekly visual feedbacks. MiranaBot also detects frequencies, varieties, and quanti-
ties (in terms of portions) of a specific food (or category of food). With the help of
nutritionists and dieticians, we were able to build a database of food classified by
categories. We have set rules for each category, which are then used by our algo-
rithm to identify recurring patterns (e.g., eat too much bread = more than the normal
consumption defined by the rules).

Natural Conversation Module

One important functionality of “Mirana” is its ability to discuss, have a conversation
and answer the questions from the user. As mentioned previously, the conversa-
tional module is built upon DialogFlow developed by Google. Their module uses
machine learning for small talk conversations to recognize user basic questions. In
addition, we developed specific intents (or functions) related to our case to give
“Mirana” the ability to answer questions about nutrition.

Graphical User Interface

To maximize the output provided to the user, MiranaBot uses the screen of the host
device (phone, tablet, computer) to display graphical feedback in addition to the
vocal answers. The regularity of the nutrition and the variety of the food eaten by
the users are displayed on the screen to induce better self-reflection. While describ-
ing their food, the user can also check, in real time, if what they said was transcribed
correctly. In case of error, they have the possibility to edit the entry through the
graphical user interface. The user interface is also used to share articles, tips or to
send useful notifications to the user.

Thttps://cloud.google.com/dialogflow
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Conclusions

This chapter reviews existing validated scales to measure ADLs and different
technology-enabled tools, methodologies and strategies currently used to assess the
ability to perform ADLs, namely mobility and nutrition. Although different scales
and techniques exist, we found that there is no one-size-fit-all solution to assess
ADLs. Depending on the individual’s conditions and environmental context,
researchers and designers may choose one technology or even combine several of
them to reach better accuracy. Each of the solutions has their own limitations.
Despite the plethora of research in this area, most of the studies were conducted in
controlled environment or in short time period. Further investigations are needed, in
this promising area of Quality of Life Technologies (QoLT), specifically to
assess ADLs.

In this chapter, we also described the development of a conversational agent to
promote healthy nutrition for chronically-ill patients. We conducted a qualitative
study with 13 patients and health professionals who helped us identify the main bar-
riers as well as the needs and requirements for adopting a healthy nutrition behavior.
Lack of regularity, lack of variety, false belief and hunger unawareness were identi-
fied as the main barriers to healthy nutrition; whereas monitoring, education,
empowerment and practicality were identified as the main needs and requirements
for nutrition behavior change. These findings allowed us to suggest the appropriate
behavior change techniques to be leveraged in our systems, which are self-
monitoring, personalized visual feedback, goal setting, self-awareness and person-
alized education. Finally, these were translated into a set of functionalities that build
up to construct our final solution: MiranaBot. We envision that solutions similar to
MiranaBot will be leveraged in the near future to enable easy to use and highly
engaging assessment and potential improvement of the Activities of Daily Life and
behaviors, leading to better life quality of individuals at all ages.

The QoLT we proposed here falls under the definition given by Wac [88], as a
system for assessing or improving the individual’s QoL relying on a hardware and
software technology via a visual and an auditory interface. The primary aim of our
QoLT here was mainly to assess nutritional habits. However, it also holds the poten-
tial to enhance individual’s nutrition. As an extension, QoLT can also potentially be
tools using prediction from current behavior to prevent undesired future behavior.

References

1. World Health Organization. Tracking universal health coverage: first global monitoring report.
2015. ISBN 978 92 4 156497 7.

2. World Health Organization. 10 facts on ageing and health. 2017. https://www.who.int/features/
factfiles/ageing/en/ Accessed 01 June 2020.

3. Wiles JL, Leibing A, Guberman N, Reeve J, Allen RE. The meaning of “aging in place” to
older people. Gerontologist. 2012;52(3):357-66. https://doi.org/10.1093/geront/gnr098.


https://www.who.int/features/factfiles/ageing/en/
https://www.who.int/features/factfiles/ageing/en/
https://doi.org/10.1093/geront/gnr098

10.

11.

12.

13.

15.

16.

17.

18.

19.

20.

21.

Assessing Activity of Daily Living through Technology-Enabled Tools: Mobility... 43

. Bacsu JR, Jeffery B, Johnson S, Martz D, Novik N, Abonyi S. Healthy aging in place: support-

ing rural seniors’ health needs. Online J Rural Nurs Health Care. 2012;12(2):77-87. https://
doi.org/10.14574/0jrnhc.v12i2.52.

. Mlinac ME, Feng MC. Assessment of activities of daily living, self-care, and Independence.

Arch Clin Neuropsychol. 2016;31(6):506—16. https://doi.org/10.1093/arclin/acw049.

. Bravell ME, Zarit SH, Johansson B. Self-reported activities of daily living and performance-

based functional ability: a study of congruence among the oldest old. Eur J Ageing.
2011;8(3):199-209. https://doi.org/10.1007/s10433-011-0192-6.

. Miller LS, Brown CL, Mitchell MB, Williamson GM. Activities of daily living are asso-

ciated with older adult cognitive status caregiver versus self-reports. J Appl Gerontol.
2013;32(1):3-30. https://doi.org/10.1177/0733464811405495.

. Choe EK, Lee NB, Lee B, Pratt W, Kientz JA. Understanding quantified-selfers’ practices

in collecting and exploring personal data. In: Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems (CHI ‘14); 2014. p. 1143-52. https://doi.
org/10.1145/2556288.2557372.

. Wac K. From quantified self to quality of life. In: Rivas H, Wac K, editors. Digital health.

Health informatics. Cham: Springer; 2018. https://doi.org/10.1007/978-3-319-61446-5_17.

De Falco I, De Pietro G, Sannino G. Evaluation of artificial intelligence techniques for
the classification of different activities of daily living and falls. Neural Comput & Applic.
2020;32:747-58. https://doi.org/10.1007/s00521-018-03973-1.

Katz S. Assessing self-maintenance: activities of daily living, mobility, and instrumental activ-
ities of daily living. J Am Geriatr Soc. 1983;31(12):721-7. https://doi.org/10.1111/j.1532-
5415.1983.tb03391 .x.

Bierikiewicz MM, Brandi ML, Goldenberg G, Hughes CM, Hermsdorfer J. The tool in the
brain: apraxia in ADL. Behavioral and neurological correlates of apraxia in daily living. Front
Psychol. 2014;5(353) https://doi.org/10.3389/fpsyg.2014.00353.

Millan-Calenti JC, Tubio J, Pita-Fernandez S, Gonzélez-Abraldes I, Lorenzo T, Ferniandez-
Arruty T, et al. Prevalence of functional disability in activities of daily living (ADL),
instrumental activities of daily living (IADL) and associated factors, as predictors of mor-
bidity and mortality. Arch Gerontol Geriatr. 2010;50(3):306-10. https://doi.org/10.1016/j.
archger.2009.04.017.

. Gaugler JE, Duval S, Anderson KA, Kane RL. Predicting nursing home admission in the US:

a meta-analysis. BMC Geriatr. 2007;7(1):13-26. https://doi.org/10.1186/1471-2318-7-13.
Ramos LR, Simoes EJ, Albert MS. Dependence in activities of daily living and cognitive
impairment strongly predicted mortality in older urban residents in Brazil: a 2-year follow-up.
J Am Geriatr Soc. 2001;49(9):1168-75. https://doi.org/10.1046/j.1532-5415.2001.49233 .x.
Webber SC, Porter & M. M, Menec, V.H. Mobility in older adults: a comprehensive frame-
work. The Gerontologist. 2010;50(4):443-50. https://doi.org/10.1093/geront/gnq013.

Patla AE, Shumway-Cook A. Dimensions of mobility: defining the complexity and difficulty
associated with community mobility. J Aging Phys Activity. 1999;7(1):7-19. https://doi.
org/10.1123/japa.7.1.7.

Tromp AM, Pluijm SMF, Smit JH, Deeg DJH, Bouter LM, Lips P. Fall-risk screening test:
a prospective study on predictors for falls in community-dwelling elderly. J Clin Epidemiol.
2001;54(8):837—44. https://doi.org/10.1016/S0895-4356(01)00349-3.

Cederholm T, Barazzoni R, Austin P, Ballmer P, Biolo G, Bischoff SC, et al. ESPEN guidelines
on definitions and terminology of clinical nutrition. Clin Nutr. 2017;36(1):49—-64. https://doi.
org/10.1016/j.cInu.2016.09.004.

Franz MJ, Bantle JP, Beebe CA, Brunzell JD, Chiasson J-L, Garg A, et al. Evidence-based
nutrition principles and recommendations for the treatment and prevention of diabetes and
related complications. Diabetes Care. 2002;25(1):148-98. https://10.2337/diacare.25.1.148
Beaudart C, Dawson A, Shaw SC, et al. Nutrition and physical activity in the prevention and
treatment of sarcopenia: systematic review. Osteoporos Int. 2017;28:1817-33. https://doi.
org/10.1007/s00198-017-3980-9.


https://doi.org/10.14574/ojrnhc.v12i2.52
https://doi.org/10.14574/ojrnhc.v12i2.52
https://doi.org/10.1093/arclin/acw049
https://doi.org/10.1007/s10433-011-0192-6
https://doi.org/10.1177/0733464811405495
https://doi.org/10.1145/2556288.2557372
https://doi.org/10.1145/2556288.2557372
https://doi.org/10.1007/978-3-319-61446-5_7
https://doi.org/10.1007/s00521-018-03973-1
https://doi.org/10.1111/j.1532-5415.1983.tb03391.x
https://doi.org/10.1111/j.1532-5415.1983.tb03391.x
https://doi.org/10.3389/fpsyg.2014.00353
https://doi.org/10.1016/j.archger.2009.04.017
https://doi.org/10.1016/j.archger.2009.04.017
https://doi.org/10.1186/1471-2318-7-13
https://doi.org/10.1046/j.1532-5415.2001.49233.x
https://doi.org/10.1093/geront/gnq013
https://doi.org/10.1123/japa.7.1.7
https://doi.org/10.1123/japa.7.1.7
https://doi.org/10.1016/S0895-4356(01)00349-3
https://doi.org/10.1016/j.clnu.2016.09.004
https://doi.org/10.1016/j.clnu.2016.09.004
http://dx.doi.org/10.2337/diacare.25.1.148
https://doi.org/10.1007/s00198-017-3980-9
https://doi.org/10.1007/s00198-017-3980-9

44

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

M. Randriambelonoro

Lindqvist C, Slinde F, Majeed A, Bottai M, Wahlin S. Nutrition impact symptoms are related
to malnutrition and quality of life—a cross-sectional study of patients with chronic liver disease.
Clin Nutr. 2020;39(6):1840-8. https://doi.org/10.1016/j.cInu.2019.07.024.

Jekel K, Damian M, Wattmo C, et al. Mild cognitive impairment and deficits in instrumen-
tal activities of daily living: a systematic review. Alz Res Therapy. 2015;7:17. https://doi.
org/10.1186/513195-015-0099-0.

Desai AK, Grossberg GT, Sheth DN. Activities of daily living in patients with dementia:
clinical relevance, methods of assessment and effects of treatment. CNS Drugs. 2004;
18(13):853-75. https://doi.org/10.2165/00023210-200418130-00003.

Katz S, Ford AB, Moskowitz RW, Jackson BA, Jaffe MW. Studies of illness in the aged:
the index of ADL: a standardized measure of biological and psychosocial function.
JAMA. 1963;185(12):914-9. https://doi.org/10.1001/jama.1963.03060120024016.

George & Fillenbaum. Validity and reliability of OARS multidimensional functional assess-
ment questionnaire in Iranian elderly. Iran Rehabil J. 1985;16 https://doi.org/10.32598/
irj.16.2.169.

Ferrucci L, Koh C, Bandinelli S, Guralnik JM. Disability, functional status, and activities of
daily living. In: Encyclopedia of gerontology (Second Edition). Elsevier; 2007. p. 427-36.
https://doi.org/10.1016/B0-12-370870-2/00075-5.

Roedl J, Wilson LS, Fine J. A systematic review and comparison of functional assessments of
community-dwelling elderly patients. J Am Assoc Nurse Pract. 2016;28(3):160-9. https://doi.
org/10.1002/2327-6924.12273.

Adachi T. Advantages and disadvantages of the functional Independence measure for home
care. In: Chino N, Melvin JL, editors. Functional evaluation of stroke patients. Tokyo:
Springer; 1996. https://doi.org/10.1007/978-4-431-68461-9_10.

Grey N, Kennedy P. The functional Independence measure: a comparative study of clinician
and self ratings. Paraplegia. 1993;31(7):457-61. https://doi.org/10.1038/sc.1993.74.

Mainetti L, Patrono L, Sergi I. A survey on indoor positioning systems. In: 22nd International
Conference on Software, Telecommunications and Computer Networks (SoftCOM); 2014.
p- 111-20. https://doi.org/10.1109/SOFTCOM.2014.7039067.

Heinz EA, Kunze KS, Gruber M, Bannach D. Using wearable sensors for real time rec-
ognition tasks in games of martial arts—an initial experiment. In: In Proceedings of the
IEEE Symposium on Computational Intelligence and Games; 2006. p. 98-102. https://doi.
org/10.1109/CI1G.2006.311687.

Wang LK. Recognition of human activities using continuous autoencoders with wearable sen-
sors. Sensors. 2016;16:189. https://doi.org/10.3390/s16020189.

Ayase R, Higashi T, Takayama S, Sagawa S, Ashida N. A method for supporting at-home
fitness exercise guidance and at-home nursing Care for the Elders, video-based simple mea-
surement system. In: In Proceedings of IEEE 10th International Conference on e-health
Networking, Applications and Services (HealthCom); 2008. p. 182—-6. https://doi.org/10.1109/
HEALTH.2008.4600133.

Goffredo M, Schmid M, Conforto S, Carli M, Neri A, D’ Alessio T. Markerless human motion
analysis in gauss-Laguerre transform domain: an application to sit-to-stand in young and
elderly people. IEEE Trans Inf Technol Biomed. 2009;13:207-16. https://doi.org/10.1109/
TITB.2008.2007960.

LiY, Miaou S, Hung CK, Sese JT. A gait analysis system using two cameras with orthogonal
view. In: Proceedings of IEEE International Conference on Multimedia Technology (ICMT);
2011. p. 2841-4. https://doi.org/10.1109/ICMT.2011.6002046.

Mautz R, Tilch S. Survey of optical indoor positioning systems. In: International Conference
Indoor Positioning Indoor Navigation (IPIN); 2011. p. 1-7. https://doi.org/10.1109/
IPIN.2011.6071925.

Ausmeier B, Campbell T, Berman S. Indoor navigation using a Mobile phone. In: African
Conf. Sofware Engineering and Applied Computing (ACSEAC); 2012. p. 109-15. https://doi.
org/10.1109/ACSEAC.2012.26.


https://doi.org/10.1016/j.clnu.2019.07.024
https://doi.org/10.1186/s13195-015-0099-0
https://doi.org/10.1186/s13195-015-0099-0
https://doi.org/10.2165/00023210-200418130-00003
https://doi.org/10.1001/jama.1963.03060120024016
https://doi.org/10.32598/irj.16.2.169
https://doi.org/10.32598/irj.16.2.169
https://doi.org/10.1016/B0-12-370870-2/00075-5
https://doi.org/10.1002/2327-6924.12273
https://doi.org/10.1002/2327-6924.12273
https://doi.org/10.1007/978-4-431-68461-9_10
https://doi.org/10.1038/sc.1993.74
https://doi.org/10.1109/SOFTCOM.2014.7039067
https://doi.org/10.1109/CIG.2006.311687
https://doi.org/10.1109/CIG.2006.311687
https://doi.org/10.3390/s16020189
https://doi.org/10.1109/HEALTH.2008.4600133
https://doi.org/10.1109/HEALTH.2008.4600133
https://doi.org/10.1109/TITB.2008.2007960
https://doi.org/10.1109/TITB.2008.2007960
https://doi.org/10.1109/ICMT.2011.6002046
https://doi.org/10.1109/IPIN.2011.6071925
https://doi.org/10.1109/IPIN.2011.6071925
https://doi.org/10.1109/ACSEAC.2012.26
https://doi.org/10.1109/ACSEAC.2012.26

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Assessing Activity of Daily Living through Technology-Enabled Tools: Mobility... 45

Elloumi W, et al. Indoor navigation assistance with a smartphone camera based on vanishing
points. In: International Conference Indoor Positioning and Indoor Navigation (IPIN); 2013.
p. 1-9. https://doi.org/10.1109/IPIN.2013.6817911.

Kahlert D, Ehrhardt N. Out-of-home mobility and social participation of older people: a
photo-based ambulatory assessment study. Population Ageing. 2020; https://doi.org/10.1007/
$12062-020-09278-3.

Addlesee MD, Jones A, Livesey F, Samaria F. The ORL active floor [sensor system]. IEEE
Pers Commun. 1997;4(5):35-41. https://doi.org/10.1109/98.626980.

Schmidt A, Strohbach M, van Laerhoven K, Friday A, Gellersen HW. Context acquisition
based on load sensing. In: Borriello G, Holmquist LE, editors. UbiComp 2002: ubiquitous
computing. Lecture notes in computer science, vol. 2498; 2002. https://doi.org/10.1007/3-
540-45809-3_26.

Middleton L, Buss AA, Bazin A, Nixon MS. A floor sensor system for gait recognition.
In: Proceedings of the fourth IEEE workshop on automatic identification advanced tech-
nologies (AUTOID ‘05). IEEE Computer Society; 2005. p. 171-6. https://doi.org/10.1109/
AUTOID.2005.2.

Paradiso J, Abler C, Hsiao K, Reynolds M. The magic carpet: physical sensing for immersive
environments. In: CHI '97 extended abstracts on human factors in computing systems; 1997.
https://doi.org/10.1145/1120212.1120391.

Richardson B, Leydon K, Fernstrom M, Paradiso J. Z-tiles: building blocks for modu-
lar, pressure-sensing floorspaces. Proceedings of CHI. 2004;1529-1532 https://doi.
org/10.1145/985921.986107.

Merilampi, S., Mulholland, K., Thanakangas, V., Ojala, J., Valo P. & Virkki, J. (2019). A
smart chair physiotherapy Exergame for fall prevention—user experience study. IEEE 7th
International Conference on Serious Games and Applications for Health (SeGAH), pp. 1-5,
doi:https://doi.org/10.1109/SeGAH.2019.8882482.

Allet L, Knols RH, Shirato K, Bruin ED. Wearable Systems for Monitoring Mobility-Related
Activities in chronic disease: a systematic review. Sensors. 2010;2010(10):9026-52. https://
doi.org/10.3390/5s101009026.

De Bruin ED, Hartmann A, Uebelhart D, Murer K, Zijlstra W. Wearable systems for
monitoring mobility-related activities in older people: a systematic review. Clin Rehabil.
2008;22(10-11):878-95. https://doi.org/10.1177/0269215508090675.

Yang C-C, Hsu Y-L. A review of Accelerometry-based wearable motion detectors for physical
activity monitoring. Sensors. 2010;2010(10):7772-88. https://doi.org/10.3390/s100807772.
Berglind D, Yacaman-Mendez D, Lavebratt C, Forsell Y. The effect of smartphone apps ver-
sus supervised exercise on physical activity, cardiorespiratory fitness, and body composition
among individuals with mild-to-moderate mobility disability: randomized controlled trial.
JMIR Mhealth Uhealth. 2020;8(2):¢14615. https://doi.org/10.2196/14615.

Fillekes MP, Kim EK, Trumpf R, Zijlstra W, Giannouli E, Weibel R. Assessing older adults’
daily mobility: a comparison of GPS-derived and self-reported mobility indicators. Sensors
(Basel, Switzerland). 2019;19(20):4551. https://doi.org/10.3390/s19204551.

Elgala H, Mesleh R, Haas H. Indoor optical wireless communication: potential and state-of-the-
art. [IEEE Commun Mag. 2011;49(9):56-62. https://doi.org/10.1109/MCOM.2011.6011734.
Medina C, SeguraJC, De la Torre A. Ultrasound indoor positioning system based on alow-power
wireless sensor network providing sub-centimeter accuracy. Sensors. 2013;2013(13):3501-26.
https://doi.org/10.3390/s130303501.

Chen L, Wu E, Chen G. Intelligent fusion of Wi-fi and inertial sensor-based position-
ing Systems for Indoor Pedestrian Navigation. IEEE Sensors J. 2014;no0. 99 https://doi.
org/10.1109/JSEN.2014.2330573.

Faragher R, Harle R. Location fingerprinting with Bluetooth low energy beacons. IEEE
Journal on Selected Areas in Communications. 2015;33(11):2418-28. https://doi.org/10.1109/
JSAC.2015.243028]1.


https://doi.org/10.1109/IPIN.2013.6817911
https://doi.org/10.1007/s12062-020-09278-3
https://doi.org/10.1007/s12062-020-09278-3
https://doi.org/10.1109/98.626980
https://doi.org/10.1007/3-540-45809-3_26
https://doi.org/10.1007/3-540-45809-3_26
https://doi.org/10.1109/AUTOID.2005.2
https://doi.org/10.1109/AUTOID.2005.2
https://doi.org/10.1145/1120212.1120391
https://doi.org/10.1145/985921.986107
https://doi.org/10.1145/985921.986107
https://doi.org/10.1109/SeGAH.2019.8882482
https://doi.org/10.3390/s101009026
https://doi.org/10.3390/s101009026
https://doi.org/10.1177/0269215508090675
https://doi.org/10.3390/s100807772
https://doi.org/10.2196/14615
https://doi.org/10.3390/s19204551
https://doi.org/10.1109/MCOM.2011.6011734
https://doi.org/10.3390/s130303501
https://doi.org/10.1109/JSEN.2014.2330573
https://doi.org/10.1109/JSEN.2014.2330573
https://doi.org/10.1109/JSAC.2015.2430281
https://doi.org/10.1109/JSAC.2015.2430281

46

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74,

M. Randriambelonoro

Di Giampaolo E. A passive-RFID based indoor navigation system for visually impaired peo-
ple. In: 3rd International Symposium on Applied Sciences in Biomedical and Communication
Technologies (ISABEL 2010); 2010. p. 1-5. https://doi.org/10.1109/ISABEL.2010.5702800.
Zeng L. A survey: outdoor mobility experiences by the visually impaired. In: Weisbecker A,
Burmester M, Schmidt A, editors. Mensch und Computer 2015; 2015. p. S. 391-7.
Allahbakhshi H, Conrow L, Naimi B, Weibel R. Using accelerometer and GPS data for real-
life physical activity type detection. Sensors. 2020;2020(20):588. https://doi.org/10.3390/
$20030588.

Webber SC, Porter MM. Monitoring mobility in older adults using global positioning system
(GPS) watches and accelerometers: a feasibility study. J Aging Phys Act. 2009;17(4):455-67.
https://doi.org/10.1123/japa.17.4.455.

Ghali A, Cunningham AS, Pridmore TP. Object and event recognition for stroke rehabilitation.
In: In Proceedings of Visual Communications and Image processing; 2003. p. 980-9. https://
doi.org/10.1117/12.503470.

Lo FP, SunY, QiuJ, Lo BPL. Point2Volume: a vision-based dietary assessment approach using
view synthesis. IEEE Transactions on Industrial Informatics. 2020;16(1):577-86. https://doi.
org/10.1109/T11.2019.2942831.

Pettitt C, Liu J, Kwasnicki R, Yang G, Preston T, Frost G. A pilot study to determine whether
using a lightweight, wearable micro-camera improves dietary assessment accuracy and offers
information on macronutrients and eating rate. Br J Nutr. 2016;115(1):160-7. https://doi.
org/10.1017/S0007114515004262.

Gemming L, Doherty A, Utter J, Shields E, Mhurchu CN. The use of a wearable camera to
capture and categorise the environmental and social context of self-identified eating episodes.
Appetite. 2015;92:118-25. https://doi.org/10.1016/j.appet.2015.05.019.

Zhou B, et al. Smart table surface: a novel approach to pervasive dining monitoring. In: 2015
IEEE International Conference on Pervasive Computing and communications (PerCom);
2015. p. 155-62. https://doi.org/10.1109/PERCOM.2015.7146522.

Hermsen S, Frost JH, Robinson E, Higgs S, Mars M, Hermans RCJ. Evaluation of a smart fork
to decelerate eating rate. J Acad Nutr Diet. 2016; https://doi.org/10.1016/j.jand.2015.11.004.
Huang Q, Yang Z, Zhang Q. Smart-U: smart utensils know what you eat. In: IEEE INFOCOM
2018-IEEE Conference on Computer Communications; 2018. p. 1439-47. https://doi.
org/10.1109/INFOCOM.2018.8486266.

Mertes G, Christiaensen G, Hallez H, Verslype S, Chen W, Vanrumste B. Measuring weight
and location of individual bites using a sensor augmented smart plate. In: 40th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC);
2018. p. 5558-61. https://doi.org/10.1109/EMBC.2018.8513547.

Burke R, Felfernig A, Goker MH. Recommender systems: an overview. Al Mag.
2011;32(3):13-8. https://doi.org/10.1609/aimag.v32i3.2361.

Shah K, Salunke A, Dongare S, Antala K. Recommender systems: an overview of different
approaches to recommendations. In: International Conference on Innovations in Information,
Embedded and Communication Systems (ICIIECS); 2017. p. 1-4. https://doi.org/10.1109/
ICIIECS.2017.8276172.

Mika S. Challenges for nutrition recommender systems. In: Proceedings of the 2nd Workshop
on Context Awareness in Retrieval and recommendation; 2011. p. 786.

Tran TN, Atas M, Felfernig A, Stettinger M. An overview of recommender systems in the healthy
food domain. J Intell Inf Syst. 2017;50:501-26. https://doi.org/10.1007/s10844-017-0469-0.
Konstan JA, Riedl J. Recommender systems: from algorithms to user experience. User Model
User-Adap Inter. 2012;22(1-2):101-23. https://doi.org/10.1007/s11257-011-9112-x.
Korpusik M, Glass J. Spoken language understanding for a nutrition dialogue system.
IEEE Trans Audio Speech Lang Process. 2017;25:1450-61. https://doi.org/10.1109/
TASLP.2017.2694699.

Casas J, Mugellini E, Khaled OA. Food diary coaching Chatbot. In: In Proceedings of the
2018 ACM International Joint Conference and 2018 International Symposium on Pervasive
and Ubiquitous Computing and Wearable Computers (UbiComp '18); 2018. p. 1676-80.
https://doi.org/10.1145/3267305.3274191.


https://doi.org/10.1109/ISABEL.2010.5702800
https://doi.org/10.3390/s20030588
https://doi.org/10.3390/s20030588
https://doi.org/10.1123/japa.17.4.455
https://doi.org/10.1117/12.503470
https://doi.org/10.1117/12.503470
https://doi.org/10.1109/TII.2019.2942831
https://doi.org/10.1109/TII.2019.2942831
https://doi.org/10.1017/S0007114515004262
https://doi.org/10.1017/S0007114515004262
https://doi.org/10.1016/j.appet.2015.05.019
https://doi.org/10.1109/PERCOM.2015.7146522
https://doi.org/10.1016/j.jand.2015.11.004
https://doi.org/10.1109/INFOCOM.2018.8486266
https://doi.org/10.1109/INFOCOM.2018.8486266
https://doi.org/10.1109/EMBC.2018.8513547
https://doi.org/10.1609/aimag.v32i3.2361
https://doi.org/10.1109/ICIIECS.2017.8276172
https://doi.org/10.1109/ICIIECS.2017.8276172
https://doi.org/10.1007/s10844-017-0469-0
https://doi.org/10.1007/s11257-011-9112-x
https://doi.org/10.1109/TASLP.2017.2694699
https://doi.org/10.1109/TASLP.2017.2694699
https://doi.org/10.1145/3267305.3274191

75.

76.

7.

78.

79.

80.

81.

82.

83.

84.
85.
86.

87.
88.

Assessing Activity of Daily Living through Technology-Enabled Tools: Mobility... 47

Meso P, Jain R. Agile software development: adaptive systems principles and best prac-
tices. Inf Syst Manag. 2006;23(3):19-30. https://doi.org/10.1201/1078.10580530/46108.23.
3.20060601/93704.3.

Duff O, Walsh D, Furlong B, O’Connor N, Moran K, Woods C. Behavior change techniques
in physical activity eHealth interventions for people with cardiovascular disease: systematic
review. ] Med Internet Res. 2017;19(8):e281. https://doi.org/10.2196/jmir.7782.

Schembre S, Liao Y, Robertson M, Dunton G, Kerr J, Haffey M, et al. Just-in-time feedback in
diet and physical activity interventions: systematic review and practical design framework. J
Med Internet Res. 2018;20(3):e106. https://doi.org/10.2196/jmir.8701.

Sawesi S, Rashrash M, Phalakornkule K, Carpenter JS, Jones JE. The impact of information
technology on patient engagement and health behavior change: a systematic review of the
literature. JMIR Med Inform. 2016;4(1):el. https://doi.org/10.2196/medinform.4514.
Greaves CJ, Sheppard KE, Abraham C, Hardemann W, Rode M, Evans PH, et al. Systematic
review of reviews of intervention components associated with increased effectiveness in
dietary and physical activity interventions. BMC Public Health. 2011;11:119. https://doi.org/1
0.1186/1471-2458-11-119.

Michie S, Abraham C, Whittington C, McAteer J, Gupta S. Effective techniques in healthy eat-
ing and physical activity interventions: a meta-regression. Health Psychol. 2009;28(6):690-701.
https://doi.org/10.1037/a0016136.

Lara J, Evans EH, O'Brien N, Moynihan PJ, Meyer TD, Adamson AlJ, et al. Association of
behaviour change techniques with effectiveness of dietary interventions among adults of
retirement age: a systematic review and meta-analysis of randomised controlled trials. BMC
Med. 2014;12:177. https://doi.org/10.1186/s12916-014-0177-3.

Prochaska J, Velicer W. The Transtheoretical model of health behavior change. Am J Health
Promot. 1997;12:38-48. https://doi.org/10.4278/0890-1171-12.1.38.

Klein M, Mogles N, van Wissen A. Why Won’t you do What’s good for you? Using intel-
ligent support for behavior change. In: Salah AA, Lepri B, editors. Human behavior under-
standing. HBU 2011. Lecture notes in computer science, vol. 7065; 2011. https://doi.
org/10.1007/978-3-642-25446-8_12.

Karoly P. Mechanisms of self-regulation: a systems view. Annu Rev Psychol. 1993;44(1):23-52.
https://doi.org/10.1146/annurev.psych.44.1.23.

Swiss Society of Nutrition. Balanced Diet-Optimum Plate. http://www.sge-ssn.ch/fr/toi-et-
moi/boire-et-manger/equilibre-alimentaire/assiette-optimale/. Accessed on 01 June 2020.
Cohen D, Farley TA. Eating as an automatic behavior. Prev Chronic Dis. 2008;5(1):A23.

Yau YH, Potenza MN. Stress and eating behaviors. Minerva Endocrinol. 2013;38(3):255-67.
Wac K. Quality of life technologies. In: Gellman M, editor. Encyclopedia of behavioral medi-
cine. New York, NY: Springer; 2020. https://doi.org/10.1007/978-1-4614-6439-6_102013-1.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's Creative

Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter's Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.


https://doi.org/10.1201/1078.10580530/46108.23.3.20060601/93704.3
https://doi.org/10.1201/1078.10580530/46108.23.3.20060601/93704.3
https://doi.org/10.2196/jmir.7782
https://doi.org/10.2196/jmir.8701
https://doi.org/10.2196/medinform.4514
https://doi.org/10.1186/1471-2458-11-119
https://doi.org/10.1186/1471-2458-11-119
https://doi.org/10.1037/a0016136
https://doi.org/10.1186/s12916-014-0177-3
https://doi.org/10.4278/0890-1171-12.1.38
https://doi.org/10.1007/978-3-642-25446-8_12
https://doi.org/10.1007/978-3-642-25446-8_12
https://doi.org/10.1146/annurev.psych.44.1.23
http://www.sge-ssn.ch/fr/toi-et-moi/boire-et-manger/equilibre-alimentaire/assiette-optimale/
http://www.sge-ssn.ch/fr/toi-et-moi/boire-et-manger/equilibre-alimentaire/assiette-optimale/
https://doi.org/10.1007/978-1-4614-6439-6_102013-1
http://creativecommons.org/licenses/by/4.0/

Chapter 3
Monitoring Technologies for Quantifying
Medication Adherence

Check for
updates

Murtadha Aldeer, Mehdi Javanmard, Jorge Ortiz, and Richard Martin

Abbreviation

AAL Ambient Assistive Living
AHT Assistive Health Technology
CPS Cyber-Physical Systems

IC Integrated Circuit

IMUs  Inertial Measurement Units
IoT Internet of Things

NFC Near Field Communication

RF Radio Frequency

RFID  Radio Frequency Identification
RSSI  Received Signal Strength Indicator
TO Transmit Only

UHF Ultra-High Frequency

WSNs  Wireless Sensor Networks

Introduction

Human lifespans will continue increasing as the average quality of life improves.
Evidence of this can be seen in recent reports that highlight the significant increase
in aging population, especially in developed countries [1-3]. As one would antici-
pate, the global population of people aged 60 years and older will grow by 250% in
2050 as compared to 2013 [4]. Likewise, as society ages, long-term healthcare
expenditures are projected to increase [5]. In order to maintain a healthy aging
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population, the employment of Assistive Health Technology (AHT) increases [4].
Based on this, great efforts are being made towards achieving greater expectations
of the quality in healthcare systems [3]. There is no doubt that rapid technological
advances will revolutionize research in the twenty-first century in a number of dis-
ciplines; namely human health. New approaches to monitor human health, behavior,
and activity will be enabled. Medication adherence is an important component of
health and well-being, with voluminous studies showing the importance of adequate
medication adherence [6, 7].

Achieving healthy aging is challenging and thus requires several important strat-
egies. Undoubtedly, correct medication is one of these strategies that are mainly
related to the individual’s behavior. In addition, it is well-known that medications
are the primary approach for treating most illnesses [8]. Hence, it requires the indi-
vidual to take the medication as directed by the healthcare professional [9]. However,
medication adherence remains a common issue within the healthcare sector, and
especially among older adults. In fact, more than 50% of the older people are living
with multiple chronic illnesses. Thus, routine monitoring and assessment of the
individual’s adherence is crucial to improve their health outcomes [10]. To be suc-
cessful, this should be performed using accurate assessment methods. Current
assessment methods of medication adherence have advantages as well as
limitations.

With the aim of describing how the state-of-the-art technology on medication
adherence monitoring can improve healthcare systems, we divide the present chap-
ter into several sections based on the main monitoring or sensing technology used.
We also compare the different medication adherence monitoring techniques and
approaches related to accuracy, energy efficiency, and user’s comfort. Given the
importance of technology embodiment in medication adherence systems, this chap-
ter addresses the need of researchers and investigators of healthcare monitoring in
both the engineering and medical societies.

Background

Medication Adherence

Medication adherence can be defined as the extent to which a person-taking medica-
tion adheres to a self-administered protocol [11]. In other words, medication adher-
ence refers to the medication-intake behavior of the patient conforming to an agreed
medication regimen specified by the healthcare provider with respect to timing,
dosage, and frequency [12, 13]. From another point of view, non-adherence refers
to the failure of taking medication as prescribed, including in-consistency, missing
doses, and failing to re-fill the medication. Nonetheless, studies showed that failure
to meet the medication-intake regime can result in emergence of drug resistance,
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accelerated progression of disease, many irrevocable health complications [13, 14],
and increased mortalities [15].

The benefits of adhering to medication regimens are many. However, for the
patient, high adherence to prescribed medication leads to less health complications,
more treatments’ benefits, and potentially active drug effect in the case of com-
pletely treated infectious disease [12]. Another benefit is that medication adherence
helps in minimizing drug wastage and reducing healthcare costs [16]. On the other
side, poor medication adherence proven come with degradation in the health of the
patient that may potentially lead to lower quality of life.

Medication Adherence Monitoring

Full adherence to medication is required as the drug can be effective only when it is
taken in the proper dosage [12]. Nonetheless, maintaining strict medication adher-
ence is required that deems maintaining administration timing, dosage quantity, and
frequency [17]. A wealth of reports revealed that up to 50% of the patients either
never fill their medication prescriptions or do not use the medication as prescribed
to them in medication regimens [18]. Unfortunately, poor adherence is prevalent
among populations with chronic illnesses [19], which leads to hospital admission.
In the US alone, poor medication adherence results in more than 100,000 mortali-
ties annually, as well as hundreds of billion dollars of healthcare spending every
year [20, 21]. A number of approaches have been used for the aim of monitoring
medication adherence because it has been shown that improving adherence to medi-
cal therapy would substantially lead to both health and economic benefits.

In general, two key factors should be considered when discussing medication
adherence. The first factor is monitoring, which is alternatively referred to as assess-
ment, quantification, measurement, or evaluation. Medication monitoring means
using some methods for observing if the patient has taken the medication or not.
Hence, the effectiveness of the monitoring method plays a central role. The second
factor is intervention. Intervention refers to the means that can be used for improv-
ing adherence to medication or correcting it once erroneous or drift is detected.
How- ever, the latter is more in the domain of the psychological and social sciences
as it requires understanding the cultural, psychological and social factors that affect
the patient’s behavior [22], and thus it is out of the scope of this chapter.

Methods that have been utilized for measuring medication adherence so far can
be broadly divided into two categories, direct and indirect [23]. Direct methods of
measurement of adherence include direct observation of the patient while taking the
medication, laboratory detection of the drug in the biologic fluid of the patient (i.e.,
blood or urine), laboratory detection of the presence of nontoxic markers added to
the medication in the biologic fluid of the patient, and laboratory detection of the
presence of biomarkers in the dried blood spots [24]. Meanwhile, the patient’s
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self-reporting, pill-counting, assessing pharmacy refill rates, and using electronic
medication event tracking systems are examples of indirect methods of measuring
adherence. There is not a gold standard measurement system that fulfills the criteria
for an optimal medication adherence monitoring. Each category comes with bene-
fits and limitations. Direct measures are accurate, but they are invasive and expen-
sive. In comparison, indirect methods are less expensive and provide good estimation
of the medication adherence. However, these methods relay on the reliability of the
user [25]. As such, these factors should be taken into consideration when selecting
the adherence measurement methodology.

Why Technology-Based Solutions?

The development of Cyber-Physical Systems (CPS) that integrate computation and
physical processes for healthcare, are advancing rapidly [26]. More recently, such
systems included few sensing and monitoring devices associated with mobile
devices such as smart pill bottles, smart watches, smart phones, and wearables. The
combination of these smart monitoring devices with interventions that remind the
patient in case a deviation is detected has proven to improve medication adherence
[27, 28]. Compared to manual approaches, electronic-based approaches can reduce
the cost and effort from the user’s interest. In addition, the accuracy of adherence
measure, which is of great importance from the healthcare provider’s point of view
can be enhanced when using electronic-based systems. Furthermore, as we live in
the era of the Internet of Things (IoT) [29], where everything is connected to the
Internet, a connected health paradigm is becoming a more dominant field [30]. One
expectation of connected health is the automated capability of communicating the
collected adherence measurements to the provider, and the feature of issuing
reminder and alert messages based on the processed information [31]. Moreover,
electronic measurement systems can be portable and thus provide timely and long-
term monitoring without restricting the user’s mobility. In spite of the fact that
electronic-based modalities can outperform traditional ones, the majority of
electronic-based approaches come with limitations that act as burdens on the users,
as we will see in Sect. 3.5. In fact, some of them have not achieved much success due
to these burdens [23]. Based on this, we conclude that there is no optimal electronic-
based solution for medication adherence evaluation and, for that, much additional
efforts will be required to realize accurate, low cost electronic adherence monitoring.

Related Work

In the past, a wide number of review studies that addressed the medication adher-
ence problem have been created. However, most reviews studied the medication
adherence from a clinical point of view along with interventions [6, 7, 11]. Moreover,
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only a few studies have presented the electronic-based interventions [18, 23, 25, 32,
33]. Little attention has been paid towards employing technology in medication
adherence monitoring and enhancement as compared to the traditional modalities.
These reviews have elucidated the role of technology-based solutions for medica-
tion adherence assessment, the potential benefits and limitations, but, no detailed
discussion on the cyber-physical system, including system design, hardware devel-
opment, and data analytic of these solutions were given.

A rare number of studies describe technology-based interventions for adherence
monitoring and enhancement. For example, Park et al. [33] presented an overview
of a number of electronic systems and methods of medication measurement. Other
review articles have discussed the smartphones’ applications, and tablet applica-
tions technology [25] for medication adherence that are in the form of automated
reminder systems. In [34], some technological medication reminder approaches
have been briefly described. It is worth mentioning that only a recent study by Rokni
et al. [35] has reported some commercially available technology-based solutions. In
addition, they provided a brief discussion of some clinical studies that involved
electronic medication monitoring. It also discussed the challenges associated with
medication monitoring technologies from data analytics, reliability, and scalability
sides. It is obvious that these survey studies are limited in providing a detailed dis-
cussion of the technical sides of the different technology-based sensing or monitor-
ing approaches for medication adherence.

The main objective of this chapter is to explore this topic further by taking
account of other medication monitoring systems such as ingestible biosensors, and
discussing the trade-offs of each technology in multiple dimensions.

A Review of Medication Adherence Monitoring Systems

Medication non-adherence is an extensively studied complex problem. The com-
mon conclusion of these studies is that several interventions are required to improve
medication adherence [18, 36]. Nonetheless, technological interventions are
believed to be supportive tools in improving adherence. This is due to the fact that
they allow timely monitoring, and generate useful information about the patient’s
behavior for the healthcare provider. To date, a considerable number of systems
have been proposed and developed that utilize monitoring and tracking techniques
in various health-related projects, including medication adherence monitoring. In
this section, we categorize and review the existing approaches on designing moni-
toring systems for medication adherence applications using emerging
technologies.

Our review includes articles from journals, and conference papers and proceed-
ings. We excluded articles classified as editorials, book reviews, white papers, or
newspaper reports. While searching for papers, electronic databases including
Google Scholar, IEEE Xplore, ACM Digital Library, Springer Link, MDPI, and
Science Direct, were used. The descriptors we used were “medication adherence”,



54 M. Aldeer et al.

or “medication intake”, or “medication monitoring”, or “medication compliance” in

CLINNTS CLINNTS

combination with at least one of others, including “technology”, “sensor”, “smart-
watch”, “wearable”, “smart bottle”, “pill bottle”, “pillbox”, “vision system”, “Radio
Frequency Identification (RFID)” and “Near Field Communication (NFC)”. The
search was inclusive of all years from 2004 through 2019.

Using primarily the full text and the abstracts, we selected articles discussing
medication adherence monitoring technologies and excluded papers discussing
intervention applications. The literature review approach used in this paper follows
an iterative and incremental procedure [37], and hence found and included new
studies about medication adherence monitoring technologies and approaches to the
surveyed studies.

Table 3.1 provides a taxonomy of the approaches reviewed in this chapter.
Table 3.2 summarizes the key properties of existing technology-based systems
reviewed in this chapter.

Table 3.1 A taxonomy of the technology-based approaches for medication adherence monitoring

Main Secondary Monitored Activities and/
Reference Category Technology | Technology | or Subjects
Hayes et al., (2009) | Sensor Smart pill - Lid opening
[9] systems container
Aldeer et al., (2019) | Sensor Smart pill - Lid opening and closure,
[38] systems container bottle picking and flipping/
shaking
Lee and Dey, (2015) | Sensor Smart pill - Lid opening and closure,
[39] systems container box manipulation
Kalantraian et al., Sensor Wearable Smart pill Pill bottle pick up and pill
(2016) [40] systems Sensors container swallowing
Wu et al., (2015) Sensor Wearable Ingestible Pill swallowing
[41] systems sensors biosensors
Kalantraian et al., Sensor Wearable - Pill bottle opening, pill
(2015) [42] systems Sensors removal, pill pouring into
the secondary hands, water
bottle handling
Hezarjaribi et al., Sensor Wearable - Hand-to-mouth motion
(2016) [43] systems sensors
Wang et al., (2014) | Sensor Wearable - Taking a pill, drinking
[44] systems Sensors water and wiping mouth
Chen et al., (2014) Sensor Wearable - Cap twisting and
[45] systems Sensors hand-to-mouth actions
Mondol et al., (2016) | Sensor Wearable - User’s response in the
[46] systems Sensors form of voice commands
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Main Secondary Monitored Activities and/
Reference Category Technology | Technology | or Subjects
Hafezi et al., (2015) | Sensor Ingestible - Medication ingestion
[47] systems biosensors
Chai et al., (2016) Sensor Ingestible - Medication ingestion
[14] systems biosensors
Agarawala et al., Proximity- | RFID - Pill bottle pick up
(2004) [48] based
systems
Becker et al., (2009) | Proximity- RFID - Pill removal
[49] based
systems
Morak et al., (2012) | Proximity- NFC - Pill removal
[50] based
systems
Batz et al., (2005) Proximity- | Computer - Pill bottle opening, hand
[51] based vision over mouth motion, bottle
systems closing
Valin et al., (2006) Vision-based | Computer - Pill bottle opening, pill
[52] systems vision picking, pill swallowing,
bottle closing
Dauphin and Vision-based | Computer - Pill bottle picking,
Khanfir, (2011) [53] | systems vision drinking a glass of water,
putting glass back
Huynh et al., (2009) | Vision-based | Computer - Tracking the face, the
[54] systems vision mouth, the hands, and the
medication bottle
Sohn et al., (2015) Vision-based | Computer - Bottle weight
[55] systems vision
Lietal., (2014) [56] | Fusion-based RFID Sensor Pill removal, hand motion
systems networks
Hasanuzzaman et al., | Fusion-based | RFID Computer Pill bottle removal,
(2013) [57] systems vision tracking hands and
medication bottle
Suzuki and Fusion-based | Computer Sensor Pill bottle removal, user
Nakauchi, (2011) systems vision networks behavior prediction
[58]
Abbey et al., (2012) | Fusion-based | Smart pill Mobile Pill removal
[59] systems container application
Boonnuddar and Fusion-based | Smart pill Mobile Bottle weight
Wattidittachotti, systems container application

(2017) [60]
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Table 3.2 Summary of main applications, strengths, and limitations of the current technologies
used in medication adherence

Main Application
Category Differences Strengths Limitations
Sensor | Smart Pill | Detects cap opening and | Possibility to System’s life is
Systems | Container | bottle pick up allow mobility constrained by the
Non-invasive battery Detect
medication taking
activity with low
accuracy
Wearable | Detects motions related | Possibility to User’s comfort and
Sensors to cap twisting, detect medication | social acceptance due
hand-to-mouth, pouring | intake activity to their possible
pill into the hand, and with sign accuracy | invasiveness
pill swallowing Relatively easy to | Require frequent
use Allow battery charging or
mobility replacement
Ingestible | Detect pill ingestion Possibility to User’s comfort and
Biosensors detect concurrent | social acceptance
pills ingestion System’s lifetime is
Allow mobility constrained by the
battery
Security issues due to
their limited resources

Proximity-Based
Systems

Detects medication
presence or absence
within the proximity of
reader’s antenna

Non-invasive

Need to be coupled
with other monitoring
or sensing techniques
for verification

Vision-Based Systems

Detects medication
presence or absence
within the scope of the
camera

Non-invasive

Need to be coupled
with tech or sensing
techniques for
verification

Fusion-Based Systems

Try to verify the
operation of monitoring
the medication taking
activity

Higher accuracy
as compared to
standalone
technology

Resource consuming
Do not usually support
mobility

Sensor-Based Systems

Recent years have seen the size, cost, and energy consumption of small wireless
sensors decrease by several orders of magnitude [61]. Indeed, today, low-power
wireless sensors can be bought for an affordable price. In the context of human
health, sensor systems allow us to collect data on daily activities in a free-living
environment and possibly over long time periods, seamlessly [62]. One promising
application in that field is the monitoring and assessment of subject for medication
intake [63]. In fact, sensor-based approaches are the most widely used among other
approaches these days for adherence monitoring. Utilizing sensor networks into
medicine intake and adherence monitoring systems comes with features and
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benefits. The regularity in measurements, remote monitoring capability, and context
awareness are a few examples [63]. In general, wireless sensors in this area of moni-
toring can be put into two main categories based on the form of deployment: fixed
and wearable. Fixed sensors are tied to minimally mobile objects such as pillboxes
or pill bottles, and home apparatuses. Meanwhile, wearable sensors are lightweight,
have high data fidelity, and mobile devices that are attached to the user’s body. In
vivo or intra body communication and networking [64] is another emerging sensor-
based communication and network technology within the IoT family, which is
enabling a new set of healthcare applications.

In this part, we describe the recent work on medication adherence monitoring
using different forms of wireless sensing.

Smart Pill Containers

Pillboxes and pill bottles equipped with sensors have been developed for monitoring
the medication-taking activity. In this context, Hayes et al. [9] developed
MedTracker(Fig. 3.1). It is one of the earliest approaches that uses a 7-day multi-
compartment pillbox embedding plungers in each compartment. It was designed to
detect the lids of boxes opening as the plungers would activate a switch inside the
pillbox that then triggers the micro-controller. The system uses Bluetooth technol-
ogy for wireless transmission of the data to a nearby computer. Data was transmit-
ted over the Bluetooth link every two hours for the aim of prolonging the lifetime of
system, which was using a 9 V battery. The system includes RAM for storing medi-
cation taking events when there is no connection with the base station. However, it
is obvi- ous that the system is simple and is error prone as it considers any lid open-
ing event as medication taking. Regardless of its simplicity, the system achieved a
lifetime of eight weeks only, given it was powered from a considerably big battery.

For a project that intended observing daily living of elderly people, Lee and Dey
[39] developed a pillbox similar to that reported in [9]. A 7-day compartment has
been equipped with a Microcontroller (MCU), a ZigBee wireless module, an accel-
erometer, and a battery (Fig. 3.2). Data were transmitted to a nearby laptop for fur-
ther processing. The aim of this system was for human-computer interaction studies.

Fig. 3.1 MedTracker
prototype pre- sented in [9]
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Fig. 3.2 The system Y
developed by Lee and
Dey [39]

Fig. 3.3 The system prototype developed by Aldeer et al. [66]. (a) Pill bottle. (b) Bottle compart-
ment and cap with the sensors shown

In another approach that was recently carried on by Aldeer et al. [65, 66], a smart
pill bottle and a sensing framework for medication adherence monitoring have been
proposed. As shown in Fig. 3.3, they built a 3D printed pill bottle equipped with a
magnetic switch sensor, an accelerometer, and a load cell. Furthermore, the system
uses PIP-Tag mote [67] as a platform for collecting the data from the employed sen-
sors and then transmitting them wirelessly to a base station attached to a nearby
computer.

Such an approach aims to eliminate the intervention and attachment of sensors to
the human body, and by that it ensures user’s comfort while maintaining accuracy
by using the accelerometer sensor. However, the system does not ascertain if a pill
is ingested or not by the user.

Wearable Sensors
In the recent years, Inertial Measurement Units (IMUs) have seen rapid achieve-

ments from both the cost and intelligence points of view [68]. IMUs usually consist
of accelerometers, gyroscopes, and magnetometers, or a combination of these [69].
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They have been widely used in healthcare applications by sensing motion and
track- ing individuals [70]. Ultimately, the usage of motion sensors can help in
revealing possible information about individual’s health [66]. In this part, we pres-
ent many wearable sensing systems and place them in two categories, depending on
the place- ment location of the body, neck-worn and wrist-worn.

Neck-Worn Sensors: In one of the studies [40], the authors propose a wearable
system for detecting user adherence up to the level of determining if the medication
has been ingested. As shown in Fig. 3.4, they built a pendant-style necklace that
includes a piezoelectric sensor, a Radio Frequency (RF) board, and battery. The
piezoelectric sensor is used for sensing the mechanical stress resulting from skin
motion during pill swallowing and generating voltage as a response. Major chal-
lenges associated with this approach pertain to user comfort and social acceptance
[71] as the necklace needs to be worn by the patient and placed in contact with the
skin during dose swallowing.

—
\ RF

module

+ Mechanical stress ——»

» . s

MCU Piezo

LiPo board sensor

battery

Bluetooth

Bluetooth/
WiFi

Smartphone Smart dispenser
application (example design)

Fig. 3.4 The neck-worn system pre- sented in [40]
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Fig. 3.5 The system
developed by Wu et al. [41]

Another tool for assessing medication intake is using acoustic sensors in the
form of neck wearables. Such an approach has been utilized for food intake moni-
toring applications [72]. Although this approach requires further research, it shows
promise for being applicable to medication monitoring [73]. Only one prototype of
this class of wearables was developed by Wu et al. [41]. The neckwear device con-
tains microphones, a flex sensor, and an RFID reader (see Fig. 3.5). The micro-
phones and the flex sensor are to be employed for sensing throat movement and
chewing sound associated with medication swallowing activity. However, the study
did not include any validation trials, thus making it difficult to make conclusions
about the performance, social acceptance, and comfort of this approach.

Given the promise of acoustic sensing in food monitoring, it is highly likely that
this technology will face the same challenges associated with other neck-worn sen-
sors when applied in promoting medical compliance in older users [74].

Wrist-Worn Sensors: When reviewing sensor-based systems, one should not
ignore personal sensors. Personal sensors are a class of wearables that can be used
for fashion and tracking purposes, such as smartwatches [75]. Nonetheless, these
wearables embed miniaturized and continuously progressing capabilities including
Inertial Measurements Units (IMUs) (accelerometer, gyroscope, and magnetometer
or a combination of these) [76, 77]. Thus, wearable and personal sensors have been
recently used in many healthcare monitoring studies, including medication intake
detection. The reason behind using IMUs in such systems is their ability to accu-
rately recognize the intensity, direction, and angle of movements conjugated with
medication intake activity in a 3D coordinate system [78]. Collecting such data will
help in modeling the user’s physical activity and then infer if it is associated with
medication taking activity or not. In [43], accelerometer and gyroscope sensors
embedded in a pair of smartwatches placed on both wrists of the user were used to
sense and transmit readings associated with pill taking activity from 10 users. Using
a decision tree classifier, the system was able to detect the wrist movement while
taking medication with 78.3% accuracy using one smartwatch placed on either of
the wrists. Moreover, the accuracy of the system was 86.2% when using two smart-
watches for tracking the motion of both hands.

Wang et al. [44] used accelerometery data samples from wrist-watches and
dynamic time warping technique to test if a sample belongs to either activities: tak-
ing a pill with water or drinking water and wiping mouth. Data from 25 individuals
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were used to classify the hand movement gestures associated with one of the previ-
ously mentioned activities. The system achieved 84.17% true positive rate. A fur-
ther re- search study of Chen et al. featuring wearable sensors presents a system for
detecting two actions “cap twisting” and “hand-to-mouth” from a triaxial acceler-
ometer and a gyroscope [45]. Classification accuracies were 95% and 97.5% for cap
twisting and hand-to-mouth actions, respectively.

Finally, termed MedRem, was presented in [46]. Unlike other approaches that
used IMUs available on smartwatches, MedRem uses the speaker microphone on a
smartwatch to provide reminders and track medication adherence via voice com-
mands. When reminders are provided in the form of voice commands, it is expected
that the user send a recording via the microphone sensor to confirm or postpone
taking medication. The smartwatch then uses an android speech recognizer to ana-
lyze user’s input and update a server. The capability of recognizing native and non-
native English speakers’ commands was 6.43% and 20.9% error rates.

Advantages of wearable sensors approaches include the ability of monitoring the
user behavior in a free-living environment [72]. Another advantage is the accuracy
of sensor-based systems. However, a main disadvantage that is pertained with wear-
able- based systems is the user acceptance and comfort, especially when consider-
ing old people [71]. This is due to the requirement that the sensor should be attached
to the user for possibly a long time and recharged frequently, as wearables are usu-
ally powered by small batteries.

Ingestible Biosensors

The use of biosensors in connected health is in its infancy. However, with the intro-
duction of In vivo communications, it can be expected that the biosensor technology
will dramatically improve over time and increase in value to advancing healthcare
delivery [64]. Ingestible devices are miniature capsule-looking devices that are
digested and swallowed when taken through mouth like solid medications. These
devices travel through the gastrointestinal tract and digestive system and collect
data about specific physiological parameters [79]. One application of these devices
can be for adherence monitoring, where data about drug consumption are collected
and transmitted to a body-worn or nearby device for further post-processing [80].

Researchers from Proteus Digital Health, Inc. (Redwood City, CA, USA) have
designed a micro biosensor that is intended to be integrated with pharmaceutical
oral dose (pill or capsule) for evaluating medication ingestion [47, 81]. The sensor
is built from an Integrated Circuit (IC) made of specific materials (including gold),
with a food particle size. Upon contact with the gastric fluid, the ingestible sensor
communicates with a wearable receiver worn by the patient and transmits a unique
code. A mobile phone user interface can then identify the ingested medication based
on the received code from the ingested biosensor. The designed device has been
tested via multiple clinical studies. Furthermore, 412 subjects were involved in the
clinical studies where they have performed more than 20,000 ingestions spanning
5656 days in total. The detection accuracy was more than 99%.
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MyTMed is another system that is based on ingestible biosensors [14]. The cen-
tral part of MyTMed is the digital capsule that can encapsulate oral medication. It is
made of a standard gelatin pill capsule that includes a sesame seed size RFID tag.
Upon ingestion by the patient, the gelatin capsule dissolves in the stomach and
releases the medicine along with the RFID tag. The electro-chemical reaction
between the tag’s electrolytes in gastric acid forms a bio-galvanic battery that
enables it to emit a unique code in the forms of packets to a body worn receiver.
Eventually, the receiver utilizes short messaging service (SMS) to relay the packets
to a cloud server that can be accessed by the caregiver. Based on a 10 participants
trail study with 96 ingestion events, the system’s detection accuracy was 87.3% [82].

Advantages of biosensor-based techniques include their ability to detect concur-
rent medication ingestion events with relatively high accuracy and no computa-
tional cost. However, as such systems require external receivers to be adhered to the
individual’s body, many users would object to wearing a banded device throughout
the day and possibly for years (when considering people with chronic illnesses).
Security and privacy are also an issue, with resource-constraint tags requiring low-
energy and lightweight computing cryptographic tools [83].

Proximity Sensing

The visionary concept of IoT relays on some technologies, among which is the
proximity detection [84]. Hence, objects usage in our daily life can be monitored by
sensing their proximity to other things. Two important wireless communication
technologies that are currently used for proximity detection and sensing are RFID
[85] and NFC [86]. Overall, RFID and NFC are contactless short-range communi-
cation technologies that can be integrated in everyday life objects to sense the daily
activities [87]. Here, we describe the RFID-based and NFC-based systems and their
usefulness and shortcomings.

An early demonstration that applied RFID technology was designed by Agarawala
et al. [48]. The system uses an RFID tag attached to a pill bottle that is placed on a
platform embedding an RFID reader and LEDs (Fig. 3.6). The LEDs flash to notify
the patient when it is time to take medication. Using this system, it is inferred that
the medication is taken when the medication bottle is picked from the platform and
it is not within the coverage radius of the RFID reader anymore. The caregiver can
track the patient’s adherence via an Ethernet connection with the platform. Another
RFID- based system is SmartDrawer [49], Fig. 3.7. A drawer with an RFID reader
that is capable of inventorying the pill bottles that are stored inside it as well as keep-
ing a record of drug taking activities, is used. The pill bottles are equipped with
RFID tags for identification and tracking. The system records the type of bottle and
when it is removed from the drawer. In other words, it is assumed that the medica-
tion is taken when the bottle of that medicine is removed from the drawer and it is
not within the scope of the RFID reader. Other short communications-based
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Fig. 3.6 The RFID-based system devel- oped by Agarawala et al. [48]

Fig. 3.7 SmartDrawer system developed by Becker et al. [49]
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approaches designed a smart blister that is equipped with a pC along with the NFC
technology available on mobile phones, to develop an adherence tele-monitoring
system [50]. The idea is that the smart blister records the event of pill removal and
reports this activity to a mobile phone that is in the proximity via NFC. The mobile
phone then communicates this event to a remote server to be accessed by the care-
giver that assesses the medication intake adherence.

Proximity sensing-based systems have advantages as well as limitations. The
main advantage is the possibility of retrieving information such as dosage instruc-
tions that may include timing, frequency, and quantity. Such information can be
helpful when considering elderly patients. Another advantage is the non-
invasiveness, as sensing tags are usually attached to the pill containers. However,
the main limitation of these systems is the requirement that the pill container being
located within a short distance (several centimeters) of the vicinity of the main part
of the system, which is the reader. Most importantly, there have been some studies
that addressed possible harm to the fetus that are associated with the exposure to
Ultra-High Frequency (UHF) RFID readers during pregnancy [88].

Vision-Based Systems

Recently, research in computer vision and image processing has attracted much
attention, leading to the development of many algorithms for human activity repre-
sentation and classification [89]. So far, vision-based systems have been the basis
for a number of important healthcare applications. In the context of human activity
recognition within smart environments or “Smart Homes” [75], where Ambient
Assistive Living (AAL) technologies [2] exist; one choice for monitoring medica-
tion intake is to use vision modules for identifying and tracking inhabitants, motion,
gestures, and subjects. In this section, we depict the current vision-based systems
for medication intake monitoring and discuss their pros and cons.

In [51], a computer vision system was proposed for monitoring medication hab-
its. The system uses one camera installed in the medication area, which may include
a group of medication bottles (Fig. 3.8). The aim of this system was to track if the

Fig. 3.8 The vision-based system devel- oped by [51]
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right medication is being taken by the user. In order for the system to work, it is
required that only one user appears closely in the field of view of the camera during
the medication taking session. Algorithms for skin color distinction have been used
in order to distinguish between skin and non-skin colors. First, the systems extract
all skin regions of the person in front of the camera. Then, this information is used
for detecting hand/face occlusions and hand/hand occlusions. Researchers used four
users in different environments to evaluate the system. Another computer vision
system for monitoring medication intake was developed by Valin et al. [52]. The
system considered multi-state scenarios including bottle opening, pill picking, pill
swallowing, and bottle closing. It uses color classification algorithms for person
detection and motion tracking by distinguishing the person’s skin. In addition, col-
ored bottles have been used for medication bottle detection. The recognition results
were 90% classification accuracy for scenarios that differ from each other in the
sequence of activities associated with medication taking.

The work in [53] focused on developing a technique for background suppression
of videos captured by low resolution cameras. However, the technique was only
tested with one participant and no accuracy measurements were reported.
Furthermore, the system’s accuracy may get affected for different colored clothes
worn by the participants, as the experiments have been conducted with a participant
wearing dark colors compared to the background. Another similar vision-based sys-
tem developed by Huynh et al. [54] used a multi-level approach for detecting and
tracking mobile objects during medication intake. The face, the mouth, the hands, a
glass of water, and the medication bottle were tracked in this system. To achieve
this, detection and tracking techniques for background subtraction, skin regions’
segmentation, and using color information for bottle detection are used. The average
success rate of activity recognition was 98% from a population of three subjects. In
later work, the authors directly use two cameras for the aim of occlusion handling.

The literature also shows a monitoring system that consists of a digital scale and
a camera that was presented in [55]. As illustrated in Fig. 3.9, a digital scale has
been used such that it continuously measures and displays the medication bottle
weight. The camera has been used to capture and send the scale’s readings displayed

Fig. 3.9 The system developed by Sohn et al. [55]
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on the screen to a nearby computer. Upon receiving the images, the computer then
runs an image processing algorithm for processing the bottle’s weight. From the
bottle’s weight decrease trend, the system can generate an alarm to remind the
patient to take medication. It should be noted that although this work concentrates
on vision analysis, it does not include any human subject tracking. It is obvious that
such a system does not support mobility due to the fact that it requires the medica-
tion bottle to always be placed on the weight scale, and thus provides only a limited
view. Although vision-based systems will play an important role in AAL environ-
ments, the main disadvantages of these approaches are their limitation in use and
accuracy. In addition, these approaches may demand several resources, which can
be expensive. Furthermore, as we progress further into the twenty-first century,
users prefer fully mobile devices [90]. However, in contrast, vision-based approaches
do not support mobility.

Finally, another limitation is that the user is required to be within the scope of
the camera.

Fusion-Based Systems

It is seen from the studies we covered that each approach comes with drawbacks. As
such, fusion-based systems have been developed that aim at blending advances
available from multiple techniques for enhancing one or more technical drawback
[72]. In this section, we subdivide fusion-based systems into several categories,
based on the blend of techniques used.

Proximity-Sensor Systems

In [56], Li et al. have designed a system that was built with a cylindrically shaped
7-compartment pillbox, a wristband device, and a computer that all communicate
with each other wirelessly. Fig. 3.10 shows the system. The pillbox is comprised of
an Arduino MCU, a motor, a ZigBee transceiver, and an RFID reader. In addition,
each compartment is embedded with a diode and a photo diode for detecting pill
removal. The MCU controls the motor such that it rotates the compartment towards
the user when it is time to take medication and when the RFID-based wristband is
detected in the proximity of the pillbox. The wristband embeds an RFID tag, and an
LED, and is used for collecting motion data associated with pill picking and taking.

Proximity-Visual Systems

A blend of RFID sensors and video camera has been used in [57] to characterize the
medication taking activity in an in-home environment. In this work, medication
bottles were equipped with RFID tags and stored in a medicine cabinet that embeds
an RFID reader. The RFID technology is employed for identification purposes of
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Fig. 3.10 The fusion-based system developed by [56]

the medication bottles placed in the cabinet. However, once a bottle is removed
from the medication cabinet and it is out of the coverage of the reader’s antenna, the
identification process using RFID technology can not be achieved anymore. As
such, the vision system is used such that it is activated once the medication bottle
moves out of the range of the reader. The camera is used for tracking and verifying
the occurrence of medication taking based on moving object detection and color
model of the bottle.

Visual-Sensor Systems

Assistive living techniques have been used to track medication intake based on the
patient’s activity. One example is iMEC (Fig. 3.11), that has been developed by
Suzuki and Nakauchi [58] for medicine timing and pill taking detection. Some
home appliances (refrigerator, microwave oven, chair, and bed) have been attached
with ubiquitous sensors for predicting the behavior of the patient. A medicine case
equipped with a camera has been used for detecting pill removal. Eventually, the
blend of data from these devices were used for confirming medication adherence.

Sensor-App Systems

Personal mobile device technology has witnessed a rapid progression in recent
years. The services brought by mobile devices, such as the different means of com-
munications and user applications, have enabled a host of possibilities. Thus, mobile
applications’ industry has been in race, including those for promoting healthcare of
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Fig. 3.11 iMEC system prototype devel- oped by Suzuki and Nakauchi [58]

older patients [25]. Specifically, many mobile and tablet-based applications have
been developed in the form of automated reminder systems [91].

In this context, the sensor-app approach blends the use of sensor networks and
mobile-app approaches for medication adherence tracking and monitoring. Abbey
et al. [59] developed a pillbox containing multiple compartments with ambient light
sensor fixed in each of them and a WiFi connection. Also, a mobile app has been
developed that contains the medicine schedule. The pillbox and the mobile app are
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interconnected through an online data source. Hence, the mobile app generates
alarms when it is the time of medication until the patient takes the medication from
the pillbox or chooses to delay the action. In a recent study, Boonnuddar and
Wauttidittachotti [60] proposed a pillbox-based system that uses the Arduino UNO
WiFi and a load cell. Medication weight changes were reported to a server via the
Internet. Also, a mobile application was developed that tracks the change in weight
measurements and alerts the patient to take medication. The system was tested for
160 times of medication taking and the accuracy of the mobile application notifica-
tion functionally was 96.88%.

Challenges and Future Trends

Technology is transforming healthcare as it brings new promises. Individuals rely
on Quantified Self (QS) [92] technologies to collect multiple types data, such as
sleep, location, mobility, and physical activity (including medication taking activ-
ity). However, still there are some technological challenges that need to be addressed
in order for these systems to make a broader impact. As highlighted in Table 3.2,
some weakening factors that may limit the adoption of such systems are the accu-
racy, energy consumption, and acceptability. However, there are other factors that
are respectively related either directly or indirectly to these main factors such as
lifetime, data fidelity, and user’s comfort. Discussed below are these challenges and
highlights on the trade-offs between them.

Challenges
System Accuracy and Data Fidelity

Achieving better healthcare requires accurate systems that capture the user’s activity.
This also applies to adherence monitoring systems. In general, accuracy is deter-
mined by the device being used for capturing the medication taking activity.
Furthermore, the setting of medication taking can affect and limit the technology
advances in use. For example, the system might operate at low-sampling rates as a
trade-off for energy consumption minimization. However, this comes at the cost of
lower data quality. Accuracy includes data quality, data precision, or data fidelity [67].

Data fidelity can be characterized by the sampling frequency, the sensor opera-
tion mode, and the duty cycling. Obtaining high accuracy data demands the system
to be running at high-fidelity. However, high-fidelity systems deplete the battery
energy at a fast rate, as their core should be set to run frequently for capturing the
monitored event precisely. Thus, when engineering a tracking system, the energy
consumption management should be considered carefully.
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Energy Consumption and Lifetime

Monitoring systems can be battery-powered, for example, in the case of sensor net-
works and mobile device-based systems. This poses a challenge as the battery has
limited energy budget [93]. From a system point of view, it is anticipated that a suf-
ficient amount of electric current is being fed to the system to ensure its functional-
ity. At the same time, from a user point of view, it is expected that the system
lifetime lasts for as long as possible as application developers must either frequently
replace batteries or use rechargeable batteries. This would likely be inadequate for
user’s acceptance and costly [94].

Even though only rare studies focused on the energy consumption of medication
adherence monitoring systems, this is still central in this context as it can severely
affect the performance and efficiency of the system [95]. This can be imagined by
taking wearable systems powered by non-rechargeable batteries as an example. In
general, the battery is a complex system that can behave unpredictably when
affected by several factors and conditions, including the temperature and the applied
load [96]. High-fidelity motion sensors are utilized within wearable devices for
accurately sensing and quantifying the motion associated with medication taking
activity. However, there is a trade-off between energy consumption and data fidelity.
On the one hand, the sensor device should be operating continuously and sampling
data frequently. On the other hand, even if temperature conditions are perfect,
enabling the sensor(s) for frequent data sampling results in increasing the internal
resistance of the battery and affecting its chemical and physical properties [97].
Operating the battery under such timing and intensity conditions will not enable it
to provide voltage at a sufficient level that operates the connected device correctly,
even with a considerable amount of unused charge being left. As a consequence of
the experienced discharge behavior, the system’s lifetime is directly affected. As
such, wise battery usage is required [98]. Thus, techniques such as collaborative
sensing to be employed for minimizing energy depletion in such systems. Once the
energy consumption issue achieves notable progress, battery-powered systems such
as wearable and portable systems can be used more widely in the area of adherence
monitoring applications.

Acceptability and User’s Comfort

The user’s perception of a monitoring system has a great impact on its adoption and
success. First, technological barriers such as battery energy consumption, mobility
support, and others play a significant role as barriers to the wide acceptance of
technology-based systems. Second, ethical challenges such as privacy and confi-
dentiality also exist. Users are concerned about behaviors being monitored beyond
medication taking and the potential of unintended users accessing the information
collected [99]. In addition, users, and especially the older ones, tend to have social,
physical, demographic, and cultural barriers towards using technology and, as a
result, barring the user’s acceptance of modern technology [41, 74].
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Tampering, Authentication, and Active Non-Compliance

Two key challenges arise because users may try to actively deceive the system into
thinking they are compliant when they are not. Tampering occurs when an unau-
thorized user receives the medication. The first challenge then becomes one of
authentication—Is the person who is taking the medication who he claims to be?
Tampering can arise for medications which can become addictive, such as opiates,
where an addict or dealer has an incentive to fool the system. Authentication and
authorization are analogous concepts in computer security—Is the person who they
claim to be, and is this person authorized to take the medication? Although few
projects have specifically tackled these security challenges, an array of wearables
has investigated if a wearable is actually worn by the person it is supposed to [100].
A second set of approaches attempts to prevent unauthorized access with the use of
physical barriers, such as locks on the pillboxes. A related set of approaches does
not try to prevent unauthorized access, but rather take an auditing approach. For
example, learning the wrist motions of different people can create an audit trail
[101], which can then be used to identify tampering for later remediation.

The second challenge is observing active non-compliance, which is when a legit-
imate user actively deceives the system. Such behavior can occur when a user dis-
agrees with a medical professional’s treatment but appears to comply rather than
challenge the professional’s judgment. Active deception on the part of the user is
more difficult to solve as the person using the system is legitimate but chooses not
to consume the medication. A variety of approaches can be employed, such as video
monitoring, but simple actions, such as placing medication in the mouth, faking a
swallow, and then spitting it out later, will deceive most current technologies. The
recent proposal of Quality of Life technologies [102] can help in monitoring differ-
ent aspects of the individual’s life. These can include social relationships and envi-
ronment monitoring, that may impact the psychological and social factors and in
result, patient’s behavior. Creating monitoring systems that correctly identify active
non-compliance remains an important research challenge.

Future Trends

It is clear from this review that most solutions have some sort of limitation. As such,
the developed system may harness the advancements of a combination of technolo-
gies to achieve the ultimate goal. However, overcoming the challenges that were
previously mentioned can be achieved as follows. To precisely monitor patient
adherence, fine-grained sensors such as load cells, motion sensors for detecting and
classifying gestures associated with hand-to-mouth movement, and sensors for cap
opening and closure verification, are strong candidate technologies.

The integration of sensors that consume very little energy with limited fidelity
along with sensors that report much higher fidelity of activity but also power-hungry
on a single platform and decide what sensor and when to have it on, is an example
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of collaborative sensing that can be harnessed for prolonging the lifetime of a
battery-powered system [67]. However, this requires sensor fusion algorithms that
build a unified model based on different sensed and reported inputs—for example,
Bayesian inference. In addition, since the wireless functionally in wireless-enabled
systems constructs a bottleneck as it consumes a large portion from the battery
energy, searching for low communication technologies is a must. An example of
this can be the Transmit Only (TO) approach [67, 103] that can be employed rather
than WiFi or Bluetooth. The TO technique is a single hop communication that does
not demand handshaking or acknowledgment, and thus it minimizes the energy con-
sumed for packet transmission to only a few tens of micro joules [67]. Finally, user’s
acceptability and comfort might be achieved by carefully designing a pill container
that is low-energy consuming, smart, and wireless.

Conclusions

Medication non-adherence is a major problem in the healthcare sector. Poor medi-
cation adherence leads to healthcare resource wastage and sub-optimal treatment
outcomes. As such, it has become an attractive research area for many researchers
from multidisciplinary domains with the aim of developing new monitoring and
interventions that can detect and correct medication taking regimens once they devi-
ate. In this chapter, we have covered the technology-based techniques and systems
for medication adherence monitoring. In addition, we put special stress on the ad-
vantages, disadvantages, and challenges associated with these approaches, but how
those translate into changed operational and clinical outcomes requires more feed-
back and observations of both patients and clinical practitioners. From this review,
we can conclude that work is still required to enhance technology-based systems
that can overcome these challenges, especially the accuracy, user comfort, and bat-
tery consumption. In addition, assuring the whole workflow with minimal burden
for the patients and health practitioners is still to be met.
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Quantifying Energy and Fatigue:
Classification and Assessment of Energy
and Fatigue Using Subjective, Objective,
and Mixed Methods towards Health

and Quality of Life

Natalie Leah Solomon and Vlad Manea

Introduction

There are many ways to conceptualize “Energy” and “Fatigue” in the context of the
WHO Quality of Life domain [1]. Energy and fatigue may be interrelated but may
also be considered orthogonal. Low energy can be characterized by fatigue, lack of
motivation, and lack of interest, while states of excessive energy can reach patho-
logical levels that include disrupted sleep, restlessness and agitation, or even mania
[2]. Although lacking energy can be burdensome and uncomfortable, it is simulta-
neously an adaptive symptom that is perceived as a need to rest or slow down [3].
Given that energy is a valuable resource, efficient spending and conservation of
energy may result in the greatest chances of vitality and even survival [4]. Curiously,
one tends to think of energy as a resource that is depleted and then replenished with
rest. It is also frequently observed that using energy may be synonymous with gen-
erating energy (e.g. one may feel more replenished after engaging in an activity than
they do following rest). This curious paradox highlights the potential value of clas-
sifying and enhancing our understanding of energy. Fatigue is both a normative
experience as well as associated with many chronic illnesses and psychiatric disor-
ders. Fatigue can be characterized by subjective feelings of “tiredness” and “lack of
energy”’ [5] and can serve as a signal to prevent strain, damage, and injury [6].

In this chapter, energy refers to the strength and vitality required for sustained
physical or mental activity. Lack of energy or fatigue is used to describe the subjec-
tive sensation (perceived fatigue) as well as the objective and quantifiable change in
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performance (fatigability) [7]. Fatigue can be classified as pathological or non-
pathological. Pathological fatigue can be described as an overwhelming sense of
tiredness at rest, exhaustion with activity, lack of energy that precludes daily tasks,
or loss of vigour [7]. In healthy adults, non-pathological fatigue is predictable and
does not interfere with usual daily activities. Non-pathological fatigue is typically
brought about by prolonged exertion and diminishes with rest [8]. In addition to
pathological and non-pathological fatigue, fatigue may also be subdivided as either
physical or mental (cognitive/psychiatric) and further subdivided as primary (neu-
rological) or secondary (non-neurological) [7-10]. Furthermore, performance refers
to an individual’s functioning in their daily environment while capacity refers to the
maximal or optimized level of functioning.

Preliminary studies were conducted on energy and fatigue during the First World
War when researchers investigated the impact of fatigue on efficiency and produc-
tivity of the industrial workforce [11]. This “occupational fatigue” continues to be a
focus of research attention, especially in vocations and occupations in which fatigue
carries serious implications. Traditionally, energy and fatigue have been assessed
using qualitative, self-reported outcomes [12] and can be obtained from a number of
validated scales [13, 14]. Most clinical fatigue studies use self-report measures that
can broadly be classified as measuring perceptions of fatigue [8]. Despite the numer-
ous scales that measure fatigue, there is no agreed-upon standard of which to com-
pare subjective reports of fatigue [15, 16].

The use of technology to monitor and manage energy and fatigue has been inves-
tigated in order to help healthy individuals continue to live healthily [3, 6, 17], assist
individuals with health issues [18-20], and address vocational or occupational
fatigue to improve personal and workplace safety [21-23]. The monitoring of
energy and fatigue helps individuals adapt their effort in recreational (e.g., amateur
sport, exercise) and occupational (e.g., drivers, pilots, police officers, professional
athletes, shift workers) settings to prevent negative effects (e.g., burnout, exhaus-
tion, accidents, injury) and maintain quality of life [24, 25]. Further, energy and
fatigue research is needed to examine their connection to underlying or potential
health conditions as well as interventional studies to validate the operationalization
of energy and fatigue monitoring in daily life.

In this chapter, we will classify energy and fatigue and present their measure-
ment. The chapter is structured as methods of our work, classification of energy and
fatigue (pathological as well as non-pathological), measurement and assessment of
energy and fatigue, discussion of results, and conclusive remarks.

Methods

We conducted a scoping review of the existing literature between 2010 and 2020 in
Google Scholar on the technology-enabled assessment of energy and fatigue. Search
terms related to energy and fatigue (e.g., “fatigability”, “tiredness”) were coupled
with terms pertaining to each of the following domains: (1) the population under

study (e.g., “athlete”, “driver”), (2) the health outcomes (e.g., ‘“circulation”,
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Table 4.1 Domains of energy and fatigue literature review

81

Domain Inclusion | Rationale Search terms (selective)

Energy / Mandatory | Energy and fatigue are often | Energy, fatigue, fatigability,

fatigue proxied by synonyms or tiredness, vitality
antonyms.

Population Optional | Papers assessing energy and | Athlete, driver, performance, pilot,
fatigue in healthy individuals | police, shift, sport, worker,
often focus on a specific employee
segment of the general
population. For instance, two
areas of focus are athletics
and occupational fatigue.

Health Optional | Health outcomes are often Cancer, cardiovascular, circulation,

outcomes delineated by specific dementia, heart, kidney, mental,
elements of human physiology | pulmonary, respiration
or pathology: Organs,
systems, processes, and
diseases. In addition, such
elements can be further
delineated by the population
segment under study.

Measurement | Optional | Methodological measurements | Accelerometer, app, application,
using technology can be camera, band, ecological
described by the procedure, momentary assessment,
device, sensor, process, or performance, capacity,
result. electrocardiogram,

electrooculogram, experience
sampling method, Fitbit, galvanic,
mobile, sensor, smart band,
smartphone, smartwatch, vision,
watch, wearable

CEINNTS

“dementia”, “heart”), and (3) the measurement (e.g., “accelerometer”, “electrocar-
diogram”, “wearable”). One example search phrase was “galvanic energy fatigue
tiredness vitality”. We also reviewed the relevant references of the identified litera-
ture. Table 4.1 reviews the domains, search terms (selective), and the rationale for

choosing the domain.

Results

We found 40 reviews on energy and fatigue pertaining to the domains and 60 studies
assessing fatigue by using technology. The search results included in this review
either (1) reviewed energy and fatigue assessment for a specific population and/or
health outcome, (2) provided evidence for the use of measurement to monitor or
manage energy or fatigue, or (3) discussed human factors of technology towards
monitoring energy and fatigue. The taxonomy of fatigue resulting from our litera-
ture review is depicted in Fig. 4.1.
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Fig. 4.1 Taxonomy of fatigue with pathological and non-pathological types [7-10, 26]

Energy and Fatigue Classification

Pathological Fatigue

Pathological fatigue is prolonged or chronic (>6 months), can be highly debilitating,
and is much less common than non-pathological fatigue [27]. Pathological fatigue
may be best understood as an amplified sense of normal (non-pathological) fatigue
that can be induced by changes in one or more variables regulating work output [9].
For instance, a healthy individual may experience fatigue during or after exercising,
but the same individual may perceive even more fatigue when exercising during an
infectious disease [7]. Diseased individuals describe fatigue as an overwhelming
sense of tiredness at rest, exhaustion with activity, loss of vigour, or lack of energy
that precludes daily tasks, inertia or lack of endurance [28]. Pathological fatigue
may be classified as physical or mental and is associated with multiple illnesses.

Physical Fatigue

Pathological physical fatigue includes neurological and non-neurological fatigue.

Neurological Fatigue

Neurological fatigue suggests that the physical expression of fatigue is mediated by
central and peripheral mechanisms [27]. Therefore, neurological fatigue may be
further classified as central or peripheral [9].

Central fatigue is generated at sites proximal to the peripheral nerves and referred
to as a progressive decline in the ability to activate muscles voluntarily [29]. Central
fatigue is due to impaired muscle performance that arises from the central nervous
system [28]. A feeling of constant exhaustion is a characteristic of central fatigue
[9]. Pathological central fatigue is found in Multiple Sclerosis, Traumatic Brain
Injury, Parkinson’s Disease, and many others.
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Mechanisms of peripheral fatigue are usually attributable to a neuronal or mus-
cular origin. Peripheral fatigue results from a lack of response in the neuromuscular
system after central stimulation [27]. Peripheral fatigue is characterized by the fail-
ure to sustain the force of muscle contraction [9]. Pathological peripheral fatigue is
found in neuromuscular disorder, rhabdomyolysis, muscle ischemia, restless legs
syndrome and more.

In many of the previously mentioned health conditions, physical inactivity is a
contributing factor to the increased fatigue of the patient [30]. Deconditioning, as a
result of restricted physical activity, results in large decreases in muscle mass and
strength, as well as increased fatigue due to changes in muscle metabolism [31, 32].
Physical fatigue is also increasingly observed as a secondary outcome in many dis-
eases and health conditions during the performance of everyday activities [32].

Non-Neurological Fatigue

The exact mechanism of how non-neurological disease causes fatigue is not fully
understood [7]. However, there are indications that peripheral proinflammatory
cytokines signal the central nervous system to initiate fatigue [33]. A common non-
neurological cause of temporary fatigue is an infection or the common cold. Non-
neurological causes of chronic fatigue include infectious diseases (human
immunodeficiency virus, mononucleosis, Borreliosis, and chronic pancreatitis),
hematologic disease (anaemia and hemochromatosis), dehydration, immunological
disease (celiac disease), rheumatological disease, cardiac disease (heart failure and
cardiomyopathy), endocrinologic disorder (diabetes, Addison’s disease, hypopitu-
itarism, and hypothyroidism), renal disease (insufficiency and dialysis), lung dis-
ease (chronic obstructive lung disease and asthma), malnutrition (poor diet, irritable
bowel disease, eating disorders and hypoproteinemia), liver disease, chronic pain,
chronic fatigue syndrome, fibromyalgia, malignancy (cancer, sarcoma, lymphoma,
and leukaemia), Gulf War disease, poisoning, mineral or vitamin deficiencies,
drugs, or irradiation [7].

Drugs and medications may also be a cause of non-neurological fatigue. The
drugs that cause fatigue include alcohol, antihistamines, benzodiazepines, antispas-
modics, antiepileptic drugs, neuroleptics, and narcotics [7].

Mental Fatigue

Mental fatigue in the pathological domain includes cognitive and affective (psycho-
logical/psychiatric) fatigue. Cognitive fatigue has been studied in the context of MS
[34], cancer [35], TBI [36], HIV [37], and other diseases. Affective fatigue is influ-
enced by psychological factors (attitude, motivation, will, endurance, flexibility,
inertia, persistence, concentration, and alertness) as well as psychiatric factors
(depression, mania, psychosis, and addiction) [28]. Individuals with chronic fatigue
report poorer mental health than their non-chronic fatigue counterparts [38].
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Non-pathological Fatigue

In contrast to pathological fatigue, non-pathological fatigue is short term and remits
with rest. Non-pathological fatigue is sometimes referred to as physiological fatigue
in the scientific literature. Non-pathological fatigue alerts the individual to opportu-
nity costs of current activities, as well as of the attraction of alternative activities
[39]. Fatigue in healthy individuals is a universal experience and a natural occur-
rence after physical or mental efforts, usually relieved by rest. Research has exam-
ined biological explanations for pathological versus non-pathological fatigue [40],
as well as self-report scales to distinguish fatigue associated disease from fatigue
associated with healthy controls [41]. It has been reported that 55% of healthy indi-
viduals identified a physical sensation of fatigue and 24% identified a mental sensa-
tion of fatigue [26].

Physical Fatigue

From a physical perspective, fatigue is described as the inability of the muscles to
maintain the required level of strength during exercise activities [42, 43]. It can also
be characterized as an exercise-induced reduction in muscle’s capability to generate
force. There is no single cause of physical fatigue [44] and physical fatigue includes
both central and peripheral fatigue.

Central fatigue designates a decrease in voluntary activation of the muscle,
whereas, peripheral fatigue indicates a decrease in the contractile strength of the
muscle fibres and changes in the mechanisms underlying the transmission of muscle
action potentials [45]. Central and peripheral fatigue is a common experience dur-
ing sport and exercise activities.

The impact of physical fatigue on cognitive performance depends both on the
intensity and the duration of the exercise [46, 47]. Prolonged physical exercise lead-
ing to dehydration and physical fatigue is associated with a reduction in cognitive
performance [48].

Mental Fatigue

Mental fatigue includes cognitive and affective fatigue and is an unfocused men-
tal state, characterized by distraction, frustration, or discomfort. Mental fatigue is
a psychobiological state caused by prolonged periods of demanding cognitive
activity and characterized by subjective feelings of “tiredness” and “lack
energy” [4].

In terms of cognitive activities, mental fatigue may be defined as the percep-
tion of feeling cognitively fatigued after performing demanding cognitive activ-
ities that involve concentration, attention, endurance, or alertness [49]. In the
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cognitive domain, fatigability can be measured as a decline in the reaction time,
a decline in accuracy on continuous performance tasks, or a probe task that is
given before and immediately after a fatiguing cognitive task [50, 51]. This
cognitive fatigue is associated with problems completing tests, particularly
where there is a requirement to sustain high levels of effort over time [39]. The
effects of mental fatigue on cognitive performance [4, 51-53], and the skilled
performance of drivers [54] and air pilots [55], have been investigated. Mental
fatigue also limits physical performance [56] through perceived exertion [5].
Similarly, mental fatigue, following the performance of cognitive tasks, impairs
emotion regulation [57].

Affective fatigue is characterized by low mood, tiredness, weariness, and leth-
argy [39]. It has been reported that 21% of healthy individuals identified an affective
sensation of fatigue [26]. Non-pathological affective fatigue includes self-regulatory
fatigue, empathy fatigue, and other fatigue associated with emotional depletion
(burnout).

Factors Influencing Fatigue

Pathological and non-pathological fatigue is influenced by numerous factors, such
as age, gender, physical condition, diet, latency to last meal, mental status, psycho-
logical conditions, personality type, life experience, and the health status of the
individual [7]. Most studies found more fatigue in women than in men [38, 58-62].
Inconsistent findings have been reported regarding age and fatigue [38, 58, 62, 63].
Additionally, a high level of formal education has been associated with a lower
prevalence of fatigue [61, 64, 65].

Sleepiness and fatigue are distinct and interrelated. Sleepiness refers to an
increased propensity to fall asleep [66], while fatigue refers to tiredness resulting
from exertion or illness. Fatigue may be regarded as a motivational drive to rest [67]
and non-pathological fatigue will usually remit with rest. Sleepiness is related to
circadian and homeostatic influences and remits after sleep [68], but not after rest.

Energy and Fatigue Measures

Fatigue perception is frequently measured by self-report scales, while fatigability is
frequently assessed by performance, capacity, and technology-reported measures
[69]. Subjective measures include scales and prompts for assessment while objec-
tive measures include performance and capacity tasks (physical and cognitive),
physiological measurements (cardiac, ocular, neural), and markers (biological and
behavioural).
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Subjective Measures

Fatigue perception is frequently measured by application of patient-reported outcomes
(PRO) [12] through validated scales prompted for assessment. These scales may be
administered momentarily, daily, monthly etc. through paper, web, or smartphone.

Scale Instruments

Scales for self-reporting may be unidimensional, evaluating a single property, or
multidimensional, evaluating multiple properties [49]. These instruments address
different aspects of fatigue and energy and some address more than one aspect. No
single measure of fatigue adequately captures the complexity of the phenomenon
[15]. Researchers have pointed out that “in developing fatigue scales, there is a
“catch 22” situation: before a concept can be measured, it must be defined, and
before a definition can be agreed upon, there must exist an instrument for assessing
phenomenology. There is, unfortunately, no “gold standard” for fatigue, nor is there
ever likely to be” [13]. Table 4.2 in this section depicts several scale instruments
routinely used to measure energy and fatigue. The majority of these energy/fatigue
self-report scales were designed for pathologic populations, but have been applied
to non-pathologic populations as well.

Considerations in choosing a particular scale include recall period, unidimen-
sionality or multidimensionality, scale structure and length, and suitable population.
Scales differ in their scope, some measuring severity only, and others duration and
impact on a range of functions [14]. Fatigue measures have been evaluated for the
number of symptoms assessed, dimensions of fatigue explored, the time frame of
the assessment, scale, method, the population on which the scale was developed,
and psychometric properties [13, 14].

Some applications of these scales are illustrated below. SF-36 and PROMIS have
been used in traditional studies assessing fatigue in the general population [14, 81].
FQ, FSS, and MAF have been employed to assess workplace-related fatigue [82,
83]. POMS has been used to assess fatigue in bus drivers [84] and sport athletes
[24]. Scales were also used in traditional studies to assess energy and fatigue in
individuals with a plethora of diseases, e.g., cancer [85, 86], cardiovascular disease
[87, 88], chronic obstructive pulmonary disease [89], diabetes [90], fibromyalgia
[91], hearing loss [16], inflammatory bowel disease [92-94], lupus [95], major
depressive disorder [96], multiple sclerosis [97-99], psoriasis [100], pulmonary
arterial hypertension [101], renal disease [102], rheumatic disease [103, 104], sleep
apnea [105], stroke [106, 107], and traumatic brain injury [10].

Smartphone collection of self-reported energy and fatigue data has been utilized
in the context of multiple sclerosis [108], cancer-related fatigue [109], and bipolar
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Table 4.2 Scale instruments routinely used to measure energy and fatigue
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Recall
Instrument period | Measures Administration | Usage
Fatigue assessment | Usually | Unidimensional; fatigue | 10 items, 5-level | Pathologic and
scale (FAS) [70] (“refer | severity Likert scale non-pathological
to how (developed for
you chronic fatigue)
usually
feel”)
Functional Past Unidimensional; 13 items, 5-level | Pathologic
Assessment of week general fatigue Likert scale (people with
Chronic Illness various chronic
Therapy (FACIT-F) illnesses,
Fatigue Subscale including cancer)
[71]
Fatigue impact scale | Past Multidimensional; 40 items, 5-level | Pathologic
(FIS) [72] month, | physical, cognitive, and | Likert scale (developed for
present | psychosocial infectious disease
time functioning, total patients)
fatigue
Fatigue Past Multidimensional; 11 items, 4-level | Pathologic and
questionnaire / month physical, mental, total, | Likert scale non-pathological
fatigue scale (FQ / substantial, transient, (developed for
FS) [73] and chronic fatigue use in hospital
and community
populations)
The fatigue severity | Past Unidimensional; fatigue | 9 items, 7-level | Pathologic and
scale (FSS) [74] week severity Likert scale non-pathological
(developed for
patients with
multiple sclerosis
or systemic lupus
erythematosus)
Multidimensional Past Multidimensional; 16 items, Pathologic and
assessment of week degree, severity, 4-10-level non-pathological
fatigue (MAF) [75] distress, and impact of | Likert scales (developed for
fatigue patients with
rheumatoid
arthritis)
The Lately | Multidimensional; 20 items, 7-level | Pathologic and
multidimensional (“refer | physical, mental, and Likert scale non-pathological
fatigue inventory to how | general fatigue; reduced (used in
(MFI) [76] you have | activity and motivation chronically
been unwell and well
feeling populations)
lately™)

(continued)
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Table 4.2 (continued)

Recall
Instrument period | Measures Administration | Usage
Medical outcomes Past Multidimensional; 4 items, Pathologic and
study short form month | physical, cognitive, 3—6-level Likert | non-pathological
(SF-36) energy and social, and emotional scales and yes/ | (developed to
fatigue subscale [77] functioning no measure the
health status of
individuals living
in the
community)
Patient-reported Past Multidimensional; Up to 95 items, | Pathologic and
outcomes week physical, mental, 5-level Likert non-pathological
measurement general, emotional, scale (can reliably
information system total, substantial, estimate fatigue
(PROMIS), fatigue transient, chronic reported by the
short form or fatigue; reduced activity U.S. general
computerized and motivation; population)
adaptive test [78] physical, cognitive,
psychosocial, social,
emotional functioning;
energy
Profile of mood Past Multidimensional; 65 items, 5-level | Non-pathological
states (POMS), week, physical and mental Likert scale (adult version and
fatigue and vigour | present | fatigue; energy adolescent
subscales [79] time version)
Visual analog scale | Present | Bidimensional; energy | 18 items, visual | Pathologic and
to evaluate fatigue | time: and fatigue analogue non-pathological
severity (VAS-F) “Right (validated with
[80] now” adults aged
18-55 years)

disorder [110]. Smartphone data collection often incorporates validated scales. For
example, a mobile phone application to collect data on self-reported fatigue for
multiple sclerosis [108] incorporated PROMIS. Researchers concluded that a phone
application incorporating PROMIS may be useful to provide estimates of fatigue to
facilitate clinical monitoring of fatigue for clinic settings.

Momentary Assessments

The Ecological Momentary Assessment (EMA) is a technique that elicits a repeated,
real-time measurement of behaviours or experiences as they occur in the naturalistic
setting of an individual’s daily life. This method was originally developed to per-
form in situ data collection for behavioural medicine [111]. The Experience
Sampling Method (ESM) aims to assess participant thoughts, behaviours, and feel-
ings during daily life by collecting self-reports, triggered at various moments during
the day [112]. The two terms (EMA and ESM) are used interchangeably, and in
practice, they are measured using the same methods [113].
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Traditional studies employing EMA/ESM assessed fatigue and fatigability in
segments of the general population. For instance, this method has been applied to
demographic groups, work settings, and disease populations. Specifically, the rela-
tionship between women’s passion for physical activity and vitality was examined
using SF-36 scale [114]. Researchers have also employed POMS scale to examine
occupational energy management strategies by hourly diary questions in academic
workers [115]. A separate study examined the effects of breaks on regaining vitality
in the workplace using an activation—deactivation adjective checklist [116].
Additionally, EMA/ESM assessment of energy/fatigue has been applied to disease
populations including osteoarthritis ([117] researchers used SF-36 scale), kidney
disease ([45] researchers used Daytime Insomnia Symptom Scale), and cancer
([118] researchers used a single-item fatigue intensity scale; [20] researchers used
10-point Likert scale for current fatigue).

Mobile-administered EMA/ESM has been applied to the management of dis-
eases. For cancer and its treatment, fatigue is one of the most common and distress-
ing side effects. Cancer-related fatigue causes disruption in all aspects of Quality of
Life and may be a risk factor for reduced survival [119]. A mobile phone-based,
symptom management system can assist in the management of chemotherapy-
related toxicity in patients with breast, lung and colorectal cancer [109]. This sys-
tem prompts patients to complete an electronic symptom questionnaire on their
mobile phone twice a day. A systematic review of mobile apps for bipolar disorder
[110] identified thirty-five symptom monitoring apps aiming at assisting users with
symptom tracking.

Objective Fatigue and Energy Measures

Fatigability is primarily measured by quantifying the decline in one or more aspects
of performance during the continuous performance of a prolonged task or compar-
ing performance before and immediately after a prolonged performance of a sepa-
rate fatigue-inducing task [8]. In pathological cases, individuals may experience
fatigue even in activities of daily living [120]. When objectively measuring fatigue,
it is important to indicate the domain examined and the task used to induce
fatigability.

Fatigue-related decrements in task performance can be measured by following
two common approaches. Ackerman [121] provides a classification of procedures
for cognitive fatigue, and we argue that these same approaches pertain to physical
fatigue as well. The indirect approach consists of the assessment of cognitive ability
before and after a prolonged period of time during which effort may vary. The direct
approach consists of the continuous measurement of fatigue during the difficult
task. The benefits of the first method are that all participants can complete the same
task, while the variation lies in the difference between ex-ante and ex-post fatigue
among individuals. This method does not quantify the performance decrease as a
continuous function of time. Conversely, the second method can monitor fatigue
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accumulation, but the tasks may vary. One example is vigilance tasks, where partici-
pants are required to maintain attention for target events while ignoring other stim-
uli [122, 123].

There is a distinction between capacity (describing a person’s ability to execute
a task in a standardized, optimized, or controlled environment), capability (describ-
ing what a person can do in their daily environment), and performance (describing
what a person actually does in their daily environment) [124]. Capacity is the com-
posite of all the physical and mental capacities that an individual can draw on and
performance is what individuals do in their current environment [125]. It is beyond
the scope of this chapter to classify past studies as capturing capacity, capability,
performance, or a combination.

Physical Assessment

The monitoring of fatigue and energy has been examined as an approach to maintain
health, assist in disease management, and improve performance, productivity, and
safety. A plethora of methods have been employed in order to monitor fatigue and
energy: performance-reported outcomes (PerfRO) [12] for physical and cognitive
fatigability, and tech-reported outcomes (TechRO) [12] from physiological pro-
cesses (cardiac, ocular, neural) and markers (biologic, behavioural).

Fatigability is usually quantified as a decline in peak force (torque), power
(velocity of muscle contraction), speed, fatigue index (force change over time),
sense of effort, perception of effort, or accuracy of performance after performing a
task, which requires physical effort [7]. Characteristics of tasks include exercise
type, intensity, load, tested muscle, and physical environment [28].

The first dimension of physical performance fatigue is “physical capacity” (i.e.,
maximum performance). The two most common indicators of physical capacity are
(1) the aerobic capacity and (2) the power output capacity. Measures of aerobic
capacity include the maximal oxygen volume (VO,-max). Measures of power out-
put include the peak power output. Momentary exercises leading to the assessment
of these measures include aerobic and resistance training [98]. Example exercises
routinely used, e.g., in professional sports players include various jump protocols,
including squat and countermovement jumps, which can lead to indirect assess-
ments of fatigability [24]. Direct measures of fatigue include a joint range of motion
or flexibility of appendages such as the knee, hip, groin, and other joints during the
exercise.

The second measured dimension of fatigue is “muscular strength.” Studies mea-
suring muscular strength included momentary resistance training of various types
(weight machines, free weights, resistance bands, cycling ergometers) and other
strength training (specialized locomotor training, cycling, aquatics) [98], muscular
oxygen consumption (mVO,), or electromyography (EMG).
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The third dimension of fatigue is “mobility,” which is more commonly measured
in cases of pathological fatigue. Mobility measures include the momentary 6-Minute
Timed Walk (6MTW) [126], the Timed 25-Foot Walk [127], and the Timed Up &
Go [128].

Exercise-specific hardware used for such exercises include treadmills, weight
machines, free weights, and resistance bands. Technology-enhanced exercises
include the robotic-assisted treadmill and functional electrical stimulation-assisted
cycling [98], and transcranial magnetic stimulation [7]. Figure 4.2 depicts an exam-
ple of hardware used to measure physical performance.

Studies assessing non-pathological physical performance as a proxy for physical
fatigue involved segments of the general population, e.g., physical fatigue in young
adults using POMS, trail-making test on an iPad and mVO, [129], physical fatigue
during a sit-to-stand physical test by using EMG and accelerometer (Samsung) in
the lab [130], or PhysioLab, a physiological computing toolbox measuring multiple
signals (ECG, EMG, and EDA) to study cardiorespiratory fitness in elderly popula-
tions [131], all momentary.

Other observational studies assessed physical fatigue in a pathological context
with individuals with health conditions or diseases; assessments include the effects
of caloric restriction on cardiorespiratory fitness and fatigue in older adults with
obesity by using graded exercise tests measuring VO,-max [132], the differences in
motor fatigue between patients with stroke and patients with multiple sclerosis by
using self-reported SF-36 and 6MWT [133], physical fatigue in lumbar disc hernia-
tion by using EMG [134].

Continuous monitoring studies assessed the effects of disease on fatigue, e.g., a
rehabilitation program on aerobic fitness, cancer-related fatigue, and quality of life
using subjective MFI and objective energy expenditure armbands (SenseWear)
[135], or the fatigue monitoring system (FAMOS) which can monitor physiological
parameters from multiple sclerosis patients and controls, all pathological.

Fig. 4.2 Hardware for
physical performance
example (ergometer). ©
Laufband Ergometer by
Robowalk licensed under
CC-BY-SA-4.0
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Cognitive Assessment

In the cognitive domain, fatigue leads to the degradation of cognitive performance
[122], as reflected by degradations in verbal, visual, short, and long-term memory,
processing speed, primary and divided attention, verbal fluency, motor speed, read-
ing speed, visual scanning, orientation, calculation, success rate, and other measures.

Cognitive assessments were measured by using numerous momentary measures,
which collectively assess the above degradations. Table 4.3 reviews several task-
based tests yielding cognitive performance-reported outcomes [12].

Cognitive performance studies included fatigue assessment in non-pathological
segments of the general population, e.g., alertness, vitality, and sleepiness by using
Psychomotor Vigilance Task (PVT) and other tasks in different lighting settings
[146], occupational fatigue, e.g., in healthcare and medical staff by using the rate of
error [147], or airline pilots on the flight deck by using PVT [148].

Cognitive performance studies also included fatigue assessment in pathological
settings, e.g., the relationships between health-related Quality of Life, fatigue, and
exercise capacity in coronary artery disease individuals using MFI and a bicycle
ergometer test [149].

Technology-driven studies include assessments of mental fatigue in a non-
pathological context by performing tasks with a computer, e.g., keyboard and mouse
interaction patterns [150] recovery from work exhaustion by use of Twitter [151], or
in a pathological context. For example, those living with an acquired brain injury
often have issues with cognitive fatigue due to factors resulting from the injury.
Studies have shown fatigue to be one of the most disabling symptoms, regardless of
the severity of brain injury [152—-154]. Researchers presented a smartphone applica-
tion for the evaluation of cognitive fatigue, which can be used daily to track cogni-
tive performance in order to assess the influence of fatigue [155]. Researchers
concluded that the presented smartphone application for the evaluation of cognitive
fatigue could be utilized in everyday life.

Cardiac Physiology

Cardiac activity measures used to assess fatigue include the resting heart rate (HR),
exercise heart rate (HRex), heart rate variability (HRV), and the heart rate recovery
(HRR). The heart rate may increase or decrease in response to a variety of factors
including physical and mental effort, distress, and anxiety that are potentially asso-
ciated with fatigue [16]. Elevated HRV was observed during strenuous tasks in indi-
viduals with chronic fatigue [156] and healthy individuals of young age while
performing a task [157]. HRR may serve as a marker of acute training-load altera-
tion, however recent studies showed inconclusive results [24]. A more detailed mea-
sure of heart activity is the electrocardiogram (ECG), an electrophysiological
method, which records the electric signals of the heart and from which the HR can
be derived. Figure 4.3 depicts an electrocardiogram with an electrocardiograph and
electrodes placed on the human body.
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Table 4.3 Tasks and measures of cognitive performance
Task Measures Administration Usage
Mini-mental state Orientation, short-term 16 complex items: Elders,
examination (MMSE) | memory registration, Qualitative and quantitative | potentially
[136] attention, calculation, questions pathologic
recall, language, and task
reproduction
Trail making test Visual search, scanning, Two items: The participant | Non-
(TMT) [137] processing speed, mental connects circles denoted by | pathological
flexibility, and executive numbers and letters in
functions. ascending order
Selective reminding | Verbal memory One item: The participant | Non-
test (SRT) [138] recalls as many as possible | pathological
of 12 dictated unrelated
words
Spatial recall test Visuospatial learning, the | One item: The participant | Pathologic,
(SPART) [139, 140] | susceptibility of such recalls as many as possible | multiple
learning to proactive and of 10 checkers on a sclerosis
retroactive interference, 36-checkers square board
and the ability to recall
visuospatial information
following a period of delay
Symbol digits Presence of organic One item: The participant | Pathologic,
modalities test cerebral dysfunction has 90 seconds to pair cerebral
(SDMT) [141] leading to neurological specific numbers with given | dysfunction
impairment geometric figures.
Paced auditory serial | Rate of information Multiple items: The Pathologic,
addition test (PASAT) | processing after recovering | participant hears a series of | multiple
[142] from trauma digits, one every 3 seconds, | sclerosis
and reports the sum of the
last two digits.
Word list generation | Neuropsychological One item: The participant | Pathologic,
(WLG) [143] measures of verbal fluency | generates words from a dementia,
restricted category (e.g., multiple
starting with S or denoting | sclerosis
animals) in 60 seconds.
Rey auditory verbal | Recent memory, verbal Multiple items: 15 nouns Non-
learning test learning, susceptibility to | read aloud each second for | pathological
(RAVLT) [69] interference, and retention | 5 consecutive trials
of information after a followed by participant
certain period of time recall.
during which other
activities are performed
Simple reaction time | Relationships between the | One item: A square is Non-
task (SRTT) [144] deceleration of heart rate shown on screen at pathological

observed to anticipate both
aversive and non-aversive
stimuli, and several aspects
of the somatic-motor
activity.

different intervals. The
participant selects a button
to react to seeing the
square.

(continued)
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Table 4.3 (continued)

Task Measures Administration Usage
Psychomotor Impact of loss of sleep Multiple items: Ranging up | Non-
vigilance task (PVT) | sustained wakefulness, and/ | to 10 minutes, similar to pathological
[23] or time of day on the SRTT.
neurobehavioral
performance
Brief Repeatable Selective short-term Multiple tests: Selective Pathologic,
Battery of memory, spatial recall, reminding test (SRT), multiple
Neuropsychological | symbol digit modalities, spatial recall test (SPART), | sclerosis
Tests [145] paced auditory serial symbol digits modalities
addition, and word list test (SDMT), paced
generation; first used for auditory serial addition test
multiple sclerosis (PASAT), delayed recall of
the SRT, delayed recall of
the SPART, and word list
generation (WLG).

it

Fig. 4.3 Electrocardiogram. © Blausen Electrocardiogram by BruceBlaus licensed under CC-
BY-3.0 [158]
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Studies using the ECG to assess fatigue in a non-pathological, occupational con-
text include airline crew [159], surgeons [160] or 3D TV watchers [161]. In these
studies, the ECG was measured with electrode-based devices before and after the
tiring task (i.e., via an indirect measurement approach). HRV pre- and post-task was
used as a measure for fatigue in work settings, e.g., emergency and pre-hospital doc-
tors [162].

Measurements of cardiac physiology have been performed during daily life (i.e.,
via a direct measurement approach) also in a non-pathological setting. A large body
of research focused on assessing cardiac activity in healthcare and driving profes-
sionals. Medical interns were given Holter recorders throughout the day, measuring
HR and HRYV, in conjunction with resting ECG to assess fatigue [163]. Surgeon
HRYV (using EEG) was assessed in robot-assisted versus conventional cholecystec-
tomy [164]. Drivers were assessed while driving, through an ECG device mounted
on the steering wheel [165]. Another study assessed the impact of electroacupunc-
ture on fatigue and Quality of Life using subjective SF-36 and objective HRV using
ECG (SphygmoCor) [166]. A method aimed at estimating the perception of physi-
cal fatigue by predicting heart rate through smartphones has been proposed by esti-
mating the oxygen consumption, using a smartphone acceleration and location (via
accelerometer and GPS, respectively) [3]. The study yielded an adequate detection
of fatigue when individuals performed daily-life activities under naturalistic
conditions.

Ocular Physiology

Keeping the eye closed or having fixed changes in pupil diameter have been observed
in a state of fatigue [167] due to monotony or sleep deprivation. Ocular physiology
measures used for assessing fatigue include the spontaneous eye blink [168], pupil
diameter [169], oscillations in pupil diameter (fatigue waves) [170, 171]. Another
method used to detect fatigue is the electrooculogram (EOG), an electrophysiologi-
cal method, which measures the resting electrical potential between the cornea and
Bruch’s membrane.

Studies using ocular physiology measures were primarily done to assess fatigue
in non-pathological, occupational settings, e.g., in the military detecting sleep
deprivation-induced fatigue by saccade peak velocity in the Navy using question-
naires (on PDAs), actigraphy (Actiwatch), and EOG (Natus, then Embla) during a
saccade task [172] or assessing fatigue in the Air Force through saccadic velocity
using software (Eyelink) in a dark room before and after a long flight [22]. For
driver drowsiness, studies assessed fatigue by EOG using a device mounted next to
the eyes for brief periods [21].
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Smartphones have been utilized and applied to drivers as well. Researchers have
presented an app, which uses information from both front and back cameras and
others embedded sensors on the phone to detect and alert drivers to dangerous driv-
ing conditions inside and outside the car [173]. Researchers used computer vision
and machine learning algorithms on the phone to monitor and detect whether the
driver is tired or distracted using the front camera while at the same time tracking
road conditions using the back camera. The front camera pipeline tracks the driver’s
head pose and direction as well as eyes and blinking rate as a means to infer drowsi-
ness and distraction. Specifically, researchers used blink detection algorithms to
detect periods of micro-sleep, fatigue and drowsiness. A more recent study improved
EOG by mounting the device on the forehead to increase the duration of comfort-
able measurement [174].

Neural Physiology

Neural electrophysiological measures used to assess fatigue include the electroen-
cephalogram (EEG), the evoked response potential (ERP), the Error Related
Negativity, and lateralized readiness potential [16]. Magnetic resonance imaging
(MRI) was also used to identify factors of fatigue [175]. This type of objective mea-
sure focuses on cognitive performance, described in a preceding section, by requir-
ing the participants to conduct a task while monitoring takes place.

Studies have assessed neural physiology of fatigue in a non-pathological context
by using EEG or ERP in the general population [176, 177], as well as EEG on occu-
pational fatigue, e.g., drivers [178, 179], and surgeons while conducting a demand-
ing task. For surgeons, Kahol [180] studied the impact of fatigue in surgical
residents, which used a demanding task and measurement by EEG using a B-Alert
device while Guru [181] assessed cognitive performance during robot-assisted sur-
gery by EEG using a B-Alert device. Other studies which used electrophysiological
measures in conjunction with other methods are elaborated on in the objective mea-
sures section of mix methods.

Biologic Markers

Fatigue-related biologic markers were studied in the pathological context of chronic
disease: plasma glucose, associated with variations in transient physical and mental
energy, effort, and fatigue with variable degrees of success [182, 183]; cortisol, an
indirect marker of fatigue through stress level and energy expenditure associated
with fatigue [184]; salivary alpha-amylase (SAA) associated with surrogate markers
of nervous system activity [185] and task engagement/disengagement [186], with
variable degrees of success; and melatonin following circadian patterns and dis-
rupted in individuals with chronic disease and recurrent fatigue [187], used for



4 Quantifying Energy and Fatigue: Classification and Assessment of Energy and... 97

sleep-related fatigue. In elite athletes, creatine kinase (CK), C-reactive protein
(CRP), uric acid, testosterone, salivary immunoglobulin (S-IgA) were used as indi-
rect markers of fatigue in the recovery period following intense physical activity.
Biologic systems involved in the regulation of motor activity are intricately linked
with sleep, feeding behaviour, energy, and mood [188].

Behavioural Markers

Common behavioural markers utilized to assess fatigue include sleep and physical
activity. These markers can be assessed by research-grade devices and consumer
devices alike, with various degrees of validated accuracy, wear comfort, and pres-
ence in the research lab for the procedure. Figures 4.4 and 4.5 depict research and
consumer wearable devices, respectively. As opposed to the momentary measures
above, the behavioural markers can also be monitored continuously (with very high
frequency, e.g., seconds or milliseconds) and longitudinally (for an extended dura-
tion, e.g., weeks to years) in time.

Sleep can be assessed using polysomnography and actigraphy. Polysomnography
(PSG) [189] is an electrophysiological sleep study, which assesses brain waves
(EEG), oxygen levels in the blood, heart rate (ECG), eye movements (EOG), and
muscle and skeletal muscle activation and movements (EMG), breathing functions,
respiratory airflow, respiratory effort, and pulse oximetry (SpO,). Polysomnography
quantifies sleep duration, interruptions, stages (e.g., light, deep, rapid eye move-
ment (REM)) and waking states (e.g., awake, asleep). Actigraphy [190] is a non-
invasive electrophysiological method that assesses movement and is used to monitor
humans at rest or during various types of physical activity. Examples of

Fig. 4.4 Research-grade
wearable (pedometer). ©
Pedometer Take-Apart by
1lenore licensed under CC
BY 2.0
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Fig. 4.5 Consumer
wearable (smartwatch). ©
Moto 360 Smartwatch by
chrisf608 licensed under
CCBY 2.0

research-grade wearable actigraph devices are ActiWatch! and ActiGraph.> The
actigraph can be worn on the wrist or ankle during daily life, for several weeks. The
actigraph allows for the continuous collection of data due to its non-invasive nature,
however, widespread and longitudinal use is limited by its specific purpose of
researching physical activity with limited considerations to the user experience
and price.

More recent consumer wearable monitors, in the form of wristbands, smart-
watches, sleep mattresses, or finger rings from manufacturers such as Fitbit,* Oura,*
and Withings® [191] monitor sleep continuously by using a combination of move-
ment, measured by a triaxial accelerometer, and HR/HRV, measured by photople-
thysmography (PPG), non-invasive optical measurement of the volumetric
variability of blood in the vessels under the skin. Consumer wearables can also
measure behavioural markers pertaining to physical activity, e.g., duration, intensity

Uhttps://www.usa.philips.com/healthcare/product/HC1046964/actiwatch-spectrum-
activity-monitor

2https://www.actigraphcorp.com

3https://fitbit.com

“https://ouraring.com

Shttps://withings.com
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(classified as, e.g., sedentary, low, moderate, and vigorous), type (using activity
class recognition), effort (in metabolic equivalent of tasks (METs)), distance, eleva-
tion, step count, workouts, and other measures derived from the continuous multi-
variate data obtained from triaxial accelerometer and gyroscope sensors inside
the device.

Studies assessing non-pathologic fatigue, sleep, and physical activity have been
performed in segments of the general population and for several occupations, usu-
ally by combining subjective and objective measurements. In segments of the gen-
eral population, Ellingson [17] studied the influence of active and sedentary
behaviours on perceived energy and fatigue in women by using subjective POMS
and SF-36 and objective physical activity by an accelerometer (Actigraph). For
occupations, Rizzo [192] assessed the role of fatigue and sleepiness in drivers with
obstructive sleep apnea by using subjective SF-36 and objective PSG. De Aratjo
Fernandes Jr. [193] quantified the impact of shift work on train drivers by using
PVT and actigraphy (Actiwatch). Fernandes-Junior [193] assessed sleep, fatigue,
and Quality of Life in night shift workers using subjective scale and actigraphy
(Actiwatch). Towards the pathologic type of fatigue, Campbell [194] assessed
fatigue and sleep in individuals having unexplained chronic fatigue by using subjec-
tive scales and objective PSG; Maher [195] quantified the relationships between
fatigue, physical activity, and socio-demographic characteristics in children and
adolescents with physical disabilities by using objective physical activity measure-
ment using an accelerometer (Actigraph).

Numerous other studies have assessed pathologic fatigue in the context of a spe-
cific disease using PSG or actigraphy. Attarian [196], Kaynak [197], Veauthier
[198], and Kaminska [199] studied relationships between sleep and fatigue in mul-
tiple sclerosis patients. Keefer (2006) and Shitrit [200] assessed sleep and fatigue in
inflammatory bowel disease. Merikangas [188] used a combination of EMA and
actigraphy to assess energy, mood, and activity in individuals with depressive disor-
ders. Sun [201] assessed the relationships between daytime napping and fatigue and
Quality of Life in cancer individuals by using subjective scale and objective sleep
quality (Actigraph). Ancoli-Israel [202] assessed sleep, fatigue, and circadian activ-
ity in women with breast cancer by using subjective scale and objective circadian
rhythms using actigraphy (Actiwatch). Holliday [203] assessed fatigue and sleep
quality in prostate cancer patients by using a subjective scale of Quality of Life and
actigraphy (Actiwatch). Cambras [204] studied circadian rhythm in patients of
encephalomyelitis using actigraphy (ActTrust). Nicklas [205] assessed physical
activity behaviours (using accelerometers) and fatigue (using SF-36) in adults of
middle and old age with chronic inflammations. Nilsson [206] studied intensity
levels of physical activity and fatigue in cancer patients by using an accelerometer
(SenseWear). Vancampfort [207] studied the relationships between cardio-
respiratory fitness and increased quality of life in people with bipolar disorder using,
among others, the subjective SF-36 and an armband (SenseWear) for objective
physical activity and sedentary behaviour measurement. Sheshadri [208] assessed
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the relationship between intensity levels of physical activity and fatigue in patients
on dialysis by using step count from a pedometer (Accusplit).

More recent studies used wearables to assess wearable-measured sleep and phys-
ical activity in a pathologic context. Qazi [209] studied fatigue in patients with
inflammatory bowel disease by using a Fitbit Charge HR. Sofia et al. [210] used the
same wearable to associate sleep fragmentation with individuals having clinically
active disease. Abbott [211] conducted an intervention study for physical activity in
case of cancer-related fatigue patients by using activity trackers (undisclosed brand)
without reporting measurements but reporting that the activity tracker was deemed
helpful.

Mixed Methods

In our literature review, we identified numerous studies which combined two or
more objective measures of fatigue. These studies focused on either cognitive or
physical fatigue in the general population or specific occupations, or physical
fatigue in specific segments of the population.

For non-pathologic cognitive fatigue in the general population, Zhang [174] esti-
mated mental fatigue based on EEG (Neuroscan) and HRV from ECG while per-
forming an arithmetic task using a personal computer, Ren [212] studied various
degrees of mental fatigue by using multiple types of measurements: EEG, ECG as
well as galvanic skin response (GSR), Smith [213] quantified the effects on cogni-
tive tasks on mental fatigue indicators, using PVT and other two tasks and assessing
fatigue through subjective VAS and objective HRV from EEG, and Brown [214]
studied the effects of mental fatigue on exercise intentions and behaviour using
cognitive and then physical exercises by using a cycle ergometer.

In the area of non-pathological physical fatigue, Kanitz [215] assessed the impact
on eurythmy therapy on fatigue by using subjective MFI and objective HRV by
ECG. For occupational fatigue, Smolders [216] studied the alertness during office
hours induced by higher luminosity by using subjective measures, task performance
(PVT, letter substitution test), and heart rate measures (ECG), Oriyama [217] stud-
ied fatigue in shift nurses by measuring objective HRV from ECG, and subjective
EMA using VAS, and Singh [218] assessed the technical performance of surgeons
when using robotic surgery where the task was a suture under time pressure, mea-
sured with a subjective surgical task scale and objective HR, and objective func-
tional near-infrared spectroscopy (fNIRS).

In the area of pathological fatigue, Dishman [219] studied the effects of cycling
exercise on fatigue among young adults who report persistent fatigue using incre-
mental exercise test on an electronically braked, computer-driven cycle ergometer
(Lode), and providing subjective POMS and objective HR (Polar), VO,-max and
expired gas (Parvo Medics), and EEG (Electrical Geodesics).
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Table 4.4 Fatigue measurements and spectrums of characteristics from the literature review

Measurement | Subjective Objective

Both office Both office and
Location and daily life | Daily life Office daily life Daily life
Reporting Self-reported Perf-reported | Tech-reported
Administration | Scales Prompts, Task hardware | Research Consumer

e.g., EMA and devices devices devices

Validated Yes Partial Yes Yes Partial
Quantifiable No No Yes Yes Yes
Frequent No Yes No No Yes
Continuous No No Yes Yes Yes
Judgment-free | No No Partial Yes Yes
Mood-free No No Yes Yes Yes
Memory-free No Partial Yes Yes Yes
Owned Partial Partial No No Yes
Contextual No Yes No Partial Yes

Property Spectrums of Energy and Fatigue Measures

The findings from our literature review classify the energy and fatigue measure-
ments by type (subjective and objective), location (clinician’s office, daily life, or
both/mixed), source (self-, performance/capacity-, and technology-reported, using
the taxonomy by Mayo [12]), and administration (scales, prompts, tasks, and
devices). In Table 4.4, we place each such measurement on spectrums for the fol-
lowing properties:

1.

Validated: fatigue outcome reliability assessed by statistical analysis on the tar-
get population and scientific publication.
Quantifiable: fatigue outcomes interval or ratio at a minute or higher precision.

. Frequent: often repeated administrations with one day or less between

administrations.

. Continuous: fatigue proxy variable measured on a time series with a minute or

higher granularity.

Judgment-free: bias-free from the perception of judgment from the administra-
tor; tasks and research devices allow some refraining.

Mood-free: bias-free from the voluntary or involuntary perception of self.
Memory-free: bias-free from the remembrance of the past; prompts allow for
long-term memory loss.

. Owned: whether the participant owns the device; scales and prompts are marked

as partial in case they are delivered to a device owned by the participant.

. Contextual: collected from settings daily life; research devices can be borrowed

to the participant for a short time to wear in daily life context.
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Discussion
Key Findings

Fatigue or lack of energy is a universal symptom experienced by those suffering from
different medical and psychological illnesses as well as by healthy individuals in the
general population. Overall, fatigue is a ubiquitous and multifaceted symptom that is
challenging to define and measure. Fatigue may be classified as pathological or non-
pathological, physical or mental, and can be measured subjectively or objectively.

Different approaches have been employed in order to measure energy and fatigue
including scales, prompts, physical measures, cognitive measures, physiological
markers, biological markers, behavioural markers, and mixed methods. Some mea-
surement methods assess the effects of fatigue (e.g. performance decrements), some
attempt to identify the source of fatigue (e.g. muscle dysfunction), while others
adopt a behavioural perspective (e.g. decreased physical activity or prolonged
sleep). Some methods focus on capacity while others assess performance. These
varied methods each contain advantages and disadvantages in terms of traditional
validation, access to continuous data, and ecological validity.

Subjective instruments instantiating self-reported outcomes [12] suffer from
inherent shortcomings, in particular, they are infrequent and subjective. Furthermore,
self-report by recall has an intrinsic problem: due to biases, such as mood states or
sleepiness, individuals are not able to accurately recall past experience, particularly
experiences that are frequent, mundane, and/or irregular [220]. In addition, the
potential discrepancy between how one feels and how one thinks one should feel
contributes to lack of ecological validity in self-reports of fatigue and requires fur-
ther research [15]. Incorporating a real-time collection of fatigue data in naturalistic
settings may reduce problems associated with retrospective recall of events, sum-
marization of events, and artificial contexts or settings [118].

Objective measures obtained by tech-reported outcomes can be collected con-
tinuously from individuals in the context of daily life. To this end, both academia
and industry are increasing their efforts to develop technological solutions, such as
sensors which can measure, models which can assess, and artefacts which can man-
age energy and fatigue. Recent technological methods to monitor and manage
energy and fatigue include sensors, smartphones and their applications, and
research- and consumer-grade wearables. Technology-based monitoring of energy
and fatigue could assist in the initial diagnosis and the early detection of diseases
could enable one to monitor post-treatment evolution and could help assess the risk
of certain medications on patients [3]. Furthermore, technology-based monitoring
of energy and fatigue could assist healthy individuals in enhancing work perfor-
mance, conserving and managing energy levels, and maintaining health.

Energy and fatigue are of great importance to diseased individuals. The connec-
tion between pathological fatigue and disease is well established in the literature.
Fatigue frequently foreshadows conditions like multiple sclerosis [221], cancer
[28], and HIV infection [222], among other diseases. Furthermore, fatigue, as well
as increased energy, has been identified as a core symptom of mental health disor-
ders including depressive disorders and bipolar disorders. Current literature on
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energy and fatigue is biased towards pathological, rather than healthy, populations.
In addition, it is possible that the existence of healthy fatigue is a barrier to full
comprehension of the impact of pathological fatigue, as pathological fatigue is more
extreme and different. This highlights the importance of further research on both
non pathological and pathological fatigue.

In addition to the comprehensive literature examining fatigue and disease, the
monitoring of energy and fatigue has also been highlighted for specific vocational
and occupational populations, such as professional athletes [24], police [25], and
drivers [165]. The literature aims to gain an understanding of health, safety, occupa-
tional functioning, burnout, performance, and capacity. More efforts could be put
toward studying healthy general populations, as in addition to affecting an individ-
ual’s quality of life, fatigue impacts the economy because of the connection to pro-
ductivity and illness.

Insights into the classification and measurement of energy and fatigue may also
be applied broadly to the general population as mobile monitoring technology
allows the assessment of these homeostatic systems in real-time [188]. Quality of
Life Technologies (QoLT) refers to technologies for assessment or improvement of
the individual’s quality of life [223]. Optimal measurement of energy and fatigue
would be moved out of the lab and into the real world, continuous rather than infre-
quent, and based on accurate, validated, yet minimally intrusive measures and
devices. Future research could establish traditional validity for the continuous, daily
life, measurement of energy and fatigue.

Assessing energy and fatigue could also contribute to the quantified self. The
quantified self (QS) is any individual engaged in the self-tracking of any kind of
biological, physical, behavioural, or environmental information. QS promotes a
proactive stance toward obtaining information and acting on it [224]. One of the
earliest recorded examples of quantified self-tracking is that of Sanctorius of Padua,
who studied energy expenditure by tracking his food intake, weight, and elimination
for 30 years in the sixteenth century [225]. State of the art energy and fatigue assess-
ment could contribute meaningfully to the quantified self.

Limitations

A limitation of the current chapter stems from the pathological bias in the field.
Namely, because the existing literature is biased toward pathological fatigue, we
built the non-pathological (also referred to as physiological) classification system
arm based on existing pathological models. This limitation is also related to our
literature search strategy. Our method of reviewing the literature was based on a
scoping review approach rather than a structured systematic review. We did not
exclude studies based on methodologies used or populations studied.

Subjective measures discussed in this chapter contain limitations including being
infrequent, involving recalls, and potential to be influenced by mood states, mem-
ory, and expectations. Wearable measurements also contain limitations related to
the population that uses wearables. Specifically, device owners are more likely to be



104 N. L. Solomon and V. Manea

young individuals with disposable incomes who already lead healthy lifestyles and
want to quantify their progress [226]. Future work should ensure that wearable data
is representative and note this bias in current wearable data.

An additional limitation of the field is that there is not yet a validated calibration
between objective measures and the concept of energy and fatigue. Therefore, much of
our discussion is speculative. A major impediment in the understanding of fatigue and
energy lies in the fact that for over 100 years, research has shown little relationship
between self-report and actual, objective measurements of fatigue [167]. There are sev-
eral definitions of energy and fatigue and these have not been conclusively associated
with objective measures. This doesn’t invalidate subjective or objective measures of
fatigue but rather indicates that they may be describing something that is more compli-
cated and cannot be whittled down to a single biological measure. Therefore, both sub-
jective experience and objective measurements are being considered in the context of
energy and fatigue, as they are important indicators for health and quality of life. Future
research could aim to bridge the gap between subjective and objective measures by
accounting for multiple variables and conducting calibration studies.

Opportunities

Energy and fatigue is a Quality of Life facet in which the successful assessment,
exclusively through Quality of Life Technologies [223], has promising likelihood.
The mass adoption of miniaturized devices in daily life (with large scale and diver-
sity in personal and contextual characteristics of the data), the availability of rele-
vant predictors of energy and fatigue in large scale data, and the presence of
platforms that facilitate participation in research at scale contribute to the feasibility
of the operationalization of this facet.

Currently, research is progressing in assessing pathological and non-pathological
energy and fatigue by using subjective, objective, and mixed methods. Miniaturized
devices, such as smartphones and wearables, increasingly accurately monitor daily
life behaviours (e.g., physical activity and sleep), sense signals (e.g., heart rate,
momentary electrocardiogram, etc.) and administer prompts (e.g., validated scales,
items, and tasks). As the line between consumer health wearables and medical devices
continues to blur, it is possible for a single wearable device to monitor a range of
medical risk factors [227]. Adoption of wearables is increasing; 21% of Americans
own a wearable [228], there are more than 200 models of wearables® and the market
is expected to continue to increase by 2022 [229] towards available objective behav-
ioural data at scale. Open health platforms are being employed to facilitate scalable
participation and manage subjective, objective, and mixed data [230].

Co-calibrations of (1) subjective validated scales of energy and fatigue and (2)
objective measures of daily life behaviours may rigorously validate objective mea-
sures of energy and fatigue and meet the aim of assessing energy and fatigue using
QoLT. For example, a study aiming to co-calibrate subjective scales and objective

Shttps://www.inkin.com/wearables/
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behaviours for occupational fatigue may collect multiple behavioural markers pas-
sively and continuously (e.g., physical activity, sleep, heart rate) from tens to hun-
dreds of drivers for several months to years, during driving and daily living, and
regularly administering validated energy and fatigue scales such that their recall
periods cover the duration. Such a study may observe trends of fatigue longitudi-
nally in time. Within a smaller sample size, a purely statistical approach would
allow for the assessment of validity (e.g., by correlating the corresponding subjec-
tive and objective measures) and reliability (e.g., by measuring the same person’s
fatigue in similar days of week, months, or seasons) of the objective measure.
Within a larger sample, a predictive approach would learn the subjective measures
of energy and fatigue by using the objective measures of behaviours. These
approaches can iteratively reduce the number of scale items. One step further, con-
tinuous behaviour monitoring during daily life facilitates the trigger of momentary
assessments upon changes in objective behaviours that associate with changes in
energy and fatigue. Such an approach may increase the accuracy of the co-
calibration. Furthermore, alternative statistical or predictive risk scenarios can
maintain energy (“if you continue working at this pace, you will likely not get
tired”), prevent fatigue (“if you continue working at this pace, you will likely accu-
mulate occupational fatigue in two weeks”), and compensate for the losses induced
by fatigue (“consider taking a break of one week to restore your productivity from
three months ago”).

Initially, co-calibrations may suffer from lower accuracy (e.g., revealing only
basic trends and associations) or limited extent (e.g., applying for specific scale
items, collecting limited objective behaviours, applying for limited energy and
fatigue types) as the measured objective measures or available sample may not
explain the energy and fatigue directly. In such cases, a directed graph of co-
calibrations with additional Quality of Life facets (e.g., stress, health outcomes),
using additional objective measures, may need to be constructed to represent the
relationships accurately such that energy and fatigue are explained through a series
of directed co-calibration paths originating exclusively from objective measures,
essentially assessing energy and fatigue through QoLT exclusively.

A successful energy and fatigue assessment using QoLT would contribute to the
“Internet of everything” 50-year vision of a digital future where “internet use will
be nearly as pervasive and necessary as oxygen” [231]. Specifically, such an assess-
ment would contribute to three of Stansberry’s five hopeful visions of 2069. The
first vision, living longer and feeling better where “internet-enabled technology will
help people live longer and healthier lives; scientific advances will continue to blur
the line between human and machine” [231] will be enabled by quantifying the
relationships between energy, fatigue, behaviours, health, and Quality of Life out-
comes. The second vision, less work, more leisure where “artificial intelligence
tools will take over repetitive, unsafe and physically taxing labour, leaving humans
with more time for leisure” [231] will be enabled through (short-term) the transition
to increasingly passive reported outcomes that reduce the burden of participation in
research and (longer-term) statistical and predictive optimization of physical and
mental effort allocation for the occupations where energy and fatigue are prevalent.
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The third vision, individualized experiences where “digital life will be tailored to
each user” [230] will be enabled by interventions leveraging large scale data, accu-
rate models, and alternative personalized scenarios addressing fatigue prevention,
before management, and before compensation.

Conclusive Remarks

Energy and fatigue impact physical, cognitive, emotional, social, and occupational
functioning and carry important implications for an individual’s health and overall
Quality of Life. Lacking energy carries consequences for an individual’s routine func-
tioning. Everyday activities, including work performance and self-care activities, can
be impeded or even curtailed. Energy is required to sustain life and efficient spending
of energy results in overall vitality. Paradoxically, one tends to think of energy of a
resource that is depleted and then restored with rest, while at the same time, many
observe that using energy generates additional energy. This curious paradox high-
lights the importance of future research and clarity. In addition, the classification of
energy and fatigue is critical as it is possible that the existence of non pathological
fatigue inhibits true appreciation of the impact of pathological fatigue.

The contributions of this chapter include a semi-structured literature review on
energy and fatigue assessment and its potential within Quality of Life Technologies,
a taxonomy of the field of energy and fatigue, and the identification of a research
validation gap between subjective and objective measures of energy and fatigue. We
foresee the necessity to conduct studies of increasing size in order to co-calibrate
the subjective and objective measures towards the integration of exclusively objec-
tive measures in research and clinical practice.

The measurement of energy and fatigue has been complicated by difficulties in
definition and assessment. We conclude that optimal classification and measure-
ment of energy and fatigue would occur in the real world, continuously and in real-
time, while being ecologically valid and informing the design of interventions
aimed at maintaining energy and monitoring fatigue towards positive outcomes of
health and Quality of Life.
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Chapter 5
Quantifying Mobility in Quality of Life

Nancy E. Mayo and Kedar K. V. Mate

What Is Mobility?

According to Merriam-Webster’s Dictionary mobility is the “ability or capacity
to move”.!

In the scientific community mobility has been defined “as the ability to move
oneself (either independently or by using assistive devices or transportation) within
environments that expand from one’s home to the neighborhood and to regions
beyond” [1]. The life-space within a person can move has also been recognized as
ranging from the person’s room, home, outdoors, and neighborhood to the service
community of shops, banks, healthcare facilities etc., surrounding area within per-
son’s own country, and the world. This mobility is recognized to be constrained or
influenced by financial, environmental, and psychosocial conditions as well as
physical and cognitive capabilities. Gender, culture, and the person’s life-experience
also affect mobility. In order to conceptualize mobility more coherently, Webber
et al. [1] proposed a framework that links factors relevant to walking, wheeling,
driving, and taking alternate forms of transportation within different life-spaces.

In the context of global and public health, mobility has been defined within the
World Health Organization’s International Classification of Function, Disability
and Health (ICF) [2] according to the components of: changing and maintaining
body position (d410-d429); carrying, moving and handling objects (d430-d449);
walking and moving (d450-d469);moving around using transportation (d470-d489).
Table 5.1 lists these components that are based on the person doing the movement.
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Table 5.1 Components of

¢ 1 Mobility component [ICF code]
Mobility according to the ICF

Changing and maintaining body position

[d410] changing basic body position

[d415 maintaining a body position

[d420] transferring oneself

Carrying, moving and handling objects

[d430] lifting and carrying objects

[d435 moving objects with lower extremities
[d440] Fine hand use

[d445 hand and arm use

Walking and moving

[d450] walking

[d455] moving around

]
[d460] moving around in different locations
[d465] moving around using equipment

What is immediately obvious from the definition using the ICF is, that mobility is a
necessary (but not sufficient) capacity required for many other activities such as
basic activities of daily living, more complex activities required for maintain self
and living space, work, and recreation and leisure including sports. These down-
stream activities that depend on some degree of mobility are themselves important
contributor to QOL [3].

The ICF definition of mobility also includes two other very important qualifying
constructs: capacity, what the person can do usually in a test situation; and perfor-
mance, what the person actually does [4]. Capacity and performance constructs
have important implications for measuring mobility. In the ICF, capacity refers to
the person’s ability to execute a task in a standard environment. This tends to refer
to clinical testing. Whereas Webber et al. [1] also include capacity as a factor in their
mobility model but refers to having the biological capability such as having suffi-
cient joint mobility or strength to make mobility possible, areas that fall under the
body structure and function component of the ICF.

In the ICF context, performance is poorly described. In another view, Loechte
et al. [5] considered mobility in relationship to movement away from the home and
other parameters related to what the person is doing. Action range is quantified as to
how far a person moves outside their house. Distance is a parameter that can be
measured independently from the home reference point such as distance covered
per unit time such as per minutes (Six Minute Walk Test (6MWT) [6], per hour, per
day. Other mobility parameters are duration (how long someone is mobile), pace
(how many steps per minute, e.g. 100 steps per minute), and frequency of mobility
events (how many 10 minute bouts of walking). There are important mobility
parameters that are related to physical activity guidelines [7]. Mobility can also be
characterized qualitatively, without measurement units such as time-of-day, alone
or accompanied, and places. For example, places people move to more than 5 min-
utes can be captured and qualified by location (parks, malls, cafes, museums),
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activity (socializing, exercising), environment (noisy), or either usual or novel loca-
tion. As an example, consider two different people.

Mark leaves the house at the same time every day, rides his bicycle 4 km to work
taking the same route, and comes home. On the weekend he goes to the gym and
does family-related errands and activities.

Eleanor, works from home and regularly exercises by walking, biking, or swim-
ming at her community pool; she sometimes calls up a friend to go with her. These
activities are done at different times during the day depending on her work sched-
ule. Sometimes she works in cafes and makes a point of going to different ones. On
the weekend, she likes to explore different parts of the city or take small trips out of
the city. These are done alone or sometimes with a friend.

In each case, Mark and Eleanor would be classified with the same mobility
capacity and performance indicators on the ICF, and they would have the same
“action distance” values, but their mobility is realized through very different pat-
terns. The richness of this mobility variety is not easy to capture without technology.
Mark may accurately self-report because of the routine nature of his mobility but
Eleanor would not be able to provide an average mobility rating for the past week
or past month owing to her mobility variation.

While capacity ICF indicators are necessary in the context of a person with a
health conditions, they are not sufficient for tracking mobility in healthy popula-
tions where performance in the real world is the relevant QOL indicator.

What Is QOL?

The Dictionary of Quality of Life and Health Outcomes Measurement [8] has this
to say about QoL:

QOL is a term often used erroneously to refer to health-related quality of life or health
status, but is broader than just health and includes components of material comforts, health
and personal safety, relationships, learning, creative expression, opportunity to help and
encourage others, participation in public affairs, socializing, and leisure [9]. The World
Health Organization (WHO) has defined quality of life as “individuals’ perception of their
position in life in the context of the culture in which they live and in relation to their goals,
expectations, standards and concerns”. In the context of health research, quality of life goes
beyond a description of health status, but rather is a reflection of the way that people per-
ceive and react to their health status and to other, nonmedical aspects of their lives.
According to Aristotle, quality of life would be the best kind of life, the happiest life [10].

Clearly measuring this happiest of lives is a challenge. QoL is not the same as health
as health is only one of many QoL components [9]. Three approaches have been
taken to measure QoL. QoL profiles are derived from measures that are made up of
multi-item domains that produce domain scores and a total score. The WHOQOL-100
[11] (100 items; six domains: physical health, psychological, level of independence,
social relationships, environment, spirituality, plus two single indicators of general
health and global QoL) and WHOQOL-Bref [12] (26 items; four domains: physical
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health, psychological, social relationships, environment and the same two single
indicators), are examples of profile QoL measures where the domains are physical
health (including mobility), psychological health, social relationships and the envi-
ronment. The CASP-19 is a quality-of-life measure comprising four domains, con-
trol, autonomy, pleasure and self-realization [13]. QoL has also been measured
using health indices such as the EQ-5D from the EUROQOL Group [14] or the
Health Utilities Index [15] but these measures do not cover many, if any, domains
beyond health [16]. The advantage of indices is that they comprise multiple dimen-
sions (usually with one item per each dimension) and a single score is derived by
weights related to how much a typical citizen is willing to trade off years of life for
these dimensions health. The third way in which QoL is measured is by a single
item rated on an ordinal scale (e.g. Excellent, Very good, Good, Fair, Poor) or a
visual analogue scale (from worst, 0, to best, 10).Only the person can assess their
QoL using these methods and, other than the single-item method, only periodic
assessments are possible [17].

Instead of relying on people to periodically sample and report on their QoL, Wac
[18] proposes a new way of measuring QOL, using technologies. Quality of Life
Technologies (QoLT) refers any technologies that can be used for assessment or
improvement of the individual’s QoL. QoLT will be the way of the future owing to
the increasing availability of miniaturized computing, storage, and communication
capacity that are now embedded within various personal devices and made available
through smartphones and wearables.

How much can we infer about QoL by quantifying domains related to QoL? This
chapter addresses this novel way of thinking about QoL. Here we address one of
these quantifiable domains, namely individual’s (body) mobility, a construct that
lends itself well to being quantified by harnessing the power of these existing and
emerging technologies.

Is Mobility Important for QoL?

Now that mobility has been described in terms of capacity and performance, and
QoL has been defined as “the happiest kind of life”, we discuss if mobility is impor-
tant to QoL and, if so, what aspects of mobility are important. The answer to this
question needs to consider who is being asked and how it is asked. For mostly
healthy members of the general population, mobility, particularly walking, is the
most important of five key HRQL items. A well known and widely used measure of
HRQL is the EQ-5D from the EUROQOL [14] group. The weight, in terms of
degree of detraction from perfect health, that members of the general population
(from the United States) put on having no mobility as represented by being unable
to walk about, is —0.558 (on a scale from O to 1; where ‘0’ is the worst possible
health state and ‘1’ is perfect health). In contrast, the detracting effect of extreme
problems in self-care (—0.471), usual activities (—0.374), pain (—0.537) and mood
(—0.450). This translates to be willing to trade off nearly 6 years of life in order to



5 Quantifying Mobility in Quality of Life 123

live with no problems with walking about. Research on the effect of mobility limita-
tions on risk of death shows that people, again from the general population of the
United States, who walk very slowly have a risk of death 1.89 times higher (95% CI:
1.46-2.46), in comparison to the fastest walkers Liu [19].

In the EQ-5D classification system, the walking component of mobility is one of
five HRQL areas clearly underlining its importance. One way of knowing if mobil-
ity is important to QoL is to identify how often and how comprehensively mobility
is included in recognized QoL or health-related QoL measures. Mayo et al. [16]
found that in generic QoL or HRQL measures, mobility was represented in 1/8
items in the HUI [20]; 10/36 items in the SF-36 (1/12 in SF-12) [21, 22]; 2/35 items
or 1/8 dimensions of the AQOL [23], 1/26 items in the WHOQOL-BREEF [12], and
9/71 items of the QWB [24].

Mobility is clearly important for people with health conditions. Almost every
health condition can have an effect on mobility, permanent or transient. There are
ICF core sets for some 30 health conditions and all except mental health conditions
included one or more aspects of mobility.>* Mobility is more important to QoL once
it is limited. People tend to take mobility for granted until the limitations set in, but
when asked how they would imaging their life without mobility, they imagine it
poorer than with other health challenges. This is one of the reasons why, when valu-
ing health for the purposes of allocation of scarce resources or evaluation of cost-
effectiveness of medical interventions, those with the health condition under
consideration are not asked to provide a valuation from their point of view as this
valuation is considered to be too influenced by their current health state [25-27].

The importance of mobility to QoL has been investigated extensively using many
different methods, quantitative and qualitative, and in many different health
conditions.

What Do People Say?

One of the best ways of answering the question about how mobility relates to QoL
is to ask people directly. This is made possible through a synthesis of the qualitative
literature or when people are asked open-ended questions.

A synthesis of 11 qualitative studies on QoL after hip fracture [28] identified
mobility as a key contributor. Limited mobility affected this population’s opportuni-
ties to make free choices about their activities and social interactions, impacted on
independence, and was a threat to preservation of self-image. Thirteen qualitative
studies from people with leg ulcers also confirmed the importance of mobility to
QoL [29].

2https://www.merriam-webster.com/dictionary/mobility
3https://www.icf-research-branch.org/icf-core-sets
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In a systematic review of 20 papers using an individualized approach to identify-
ing areas important for QoL in people with cancer, Aburub et al. [30] found that in
11 or the 20 papers, mobility/physical activity was listed a one of the top 10 areas.
In a review of the 10 most important areas of QoL across four health conditions,
Mayo et al. [31] reported that for people with stroke, mobility was the number one
area of importance; for people with Multiple Sclerosis mobility was number 6, and
for people with cancer and HIV mobility was also selected as important to QoL.

What Do the Data Say about the QoL of the Body

The quantitative investigation of the importance of mobility to QoL is challenging
because, as conceptualized using the ICF model [2], mobility limitations are caused
by impairments of body structure and function and also act to limit other important
activities and restrict participation in key personal, family, and societal roles that
have a more direct influence on QoL. Figure 5.1 show these theoretical influences
by combining the ICF model with the Wilson-Cleary model [32]. The ICF focuses
on the observable manifestations of disability, while the Wilson-Cleary model goes
beyond these to consider the effects on health perception and QOL, considered by
the ICF model to reflect satisfaction with the observable manifestations and akin to
well-being.

Having established that mobility is definitely important for QOL, other questions
arise. Is mobility more, less, or as important as other health, social, and environmen-
tal domains? What are the best methods of partitioning out the role of mobility in
quality of life? If we were to use mobility to quantify QOL, how much will we
under or overestimate QOL and in whom and under what circumstances?

| Personal factors | | Environmental factors

Biological/ Symptom | Functional General
physiological );tafus P . Health Overall
variables ! Perceptions Quality of Life

- - -

Well-being

______________________________________________________

Fig. 5.1 Integration of the Wilson-Cleary Model and the ICF showing the place of mobility



5 Quantifying Mobility in Quality of Life 125
In order to sort out the relative importance of mobility and other factors to QOL
it is necessary to have a strong theoretical model linking both the capacity and per-
formance aspects of mobility to QOL. One such model is the Wilson-Cleary model
[32] that has been shown in Fig. 5.1. The Wilson-Cleary model shows the links
between biological and physiological measures taken on the body, symptoms
reported by the person (pain, fatigue, mood), function (what the person can do phys-
ically and mentally), health perception (how the person actually feels) and QOL and
also shows that these links are affected by factors related to the person (age and sex
but also beyond these to include lifestyle and preferences), and their environment.
This complexity requires that mobility be considered in a multi-factorial frame-
work and Structural Equation Modeling (SEM) [33] is an ideal statistical method
for carrying out a fair assessment of the impact of mobility. However, it is important
when using SEM that the outcome is a QOL measure and not a composite measure
that includes the constructs under investigation. For example, the WHOQOL-Bref
includes a domain for physical health and this includes items about mobility. A
selection of 18 relevant papers from a structured review are summarized in Table 5.2.

Table 5.2 Studies Using Structural Equation Modeling to Estimate the Importance of Mobility to
QOL and Related Constructs

Study # / First N Model Mobility
Author Country Population | Number | Variables Rank

1. Li [34] China Older persons | 4245 3 1
Outcome: Life | Other model variables: Duration of disability, | Mobility variable:
satisfaction social engagement Difficulty with running,

walking, climbing stairs,
bending, reaching, and
lifting objects

2. Shahrbanian | Canada Multiple 188 4 1
[35] sclerosis
Outcome: Other model variables: Fatigue, pain, mood Mobility variable:
Participation Physical function
3. Alonso [36] |22 countries: 5 low and | General 51,344 |9 1
lower-middle income; | population
5 upper-middleincome;
11 high income.

Outcome: Other model variables: Chronic conditions (9 | Mobility variable: WHO
Overall mental, 10 physical), domains of WHO-DAS disability assessment
physical and (cognition, self-care, getting along, family schedule 2.0 (WHODAS)
mental health | burden, stigma, life activities, participation) mobility domain: Standing
(0-100 VAS) along with age, sex, employment, country 30 minutes, rising from

chair, moving around
home, leaving home,
walking long distance.

(continued)
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Study # / First N Model Mobility
Author Country Population | Number | Variables Rank
4. Lampinen Finland Older adults | 663 5 1
[37]
Outcome: Other model variables: Physical activity, leisure | Mobility variable:
Mental activity, age, chronic illness, Difficulty with climbing
Well-being stairs and walking 2 km
(revised Beck without stopping.
depression
inventory)
5. Bentley [38] | USA Older persons | 677 2 PCS 2,
MCS 1
Outcome: Other model variables: Functional status Mobility variable:
PCS, MCS Life-space mobility
6. Huang [39] | Taiwan Osteoporosis | 161 10 PCS 1,
MCS 3
Outcome: Other model variables: Disease characteristics | Mobility variable: ADL,
PCS, MCS (duration, pain level, chronic diseases, fracture exercise habits
experiences, and ADL), social support
dimensions, and PQoL and MQoL of
osteoporosis patients with (age, marital status,
school years, income, and exercise habits).
7. Lee [40] Korea Parkinson’s | 217 6 Tests: 6;
motor
signs: 1
Outcome: Other model variables: Age, disease-related Mobility variable: Grip
PDQL factors (motor signs, disease duration), quality of | strength, balance,

sleep, pain, and depression

functional reach motor
signs: Speech, facial
expression, tremor,
rigidity, finger tapping,
rapid alternating

movements
8. Tannenbaum | Canada Older persons | 2311 5 2
[41]
Outcome: Life style latent (perception health living, Mobility variable: SF-12
Latent SRH exercise, nutrition), health conditions/ (PCS)
(SF-12, polypharmacy, social health, mental health
EQ-VAS) (SF-12 MCS)

9. Kalpinski
[42]

USA Traumatic 312

brain injury

Outcome: Life
satisfaction,
SRH

Other model variables: Injury severity, FIM
cognition, FIM Independence, occupational
activity, social engagement

Mobility variable: Ability
to and frequency of freely
moving around residence
and community including
using transportation

10. Shim [43]

Rheumatic 360

disease

Korea

5 2
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Table 5.2 (continued)

Study # / First N Model Mobility

Author Country Population | Number | Variables Rank

Outcome: Other model variables: Pain, pain Mobility variable: Health

WHOQOL- catastrophising, depression, fear avoidance assessment questionnaire

BREF beliefs (HAQ): Degree of
difficulty with dressing,
rising, eating, walking,
maintaining hygiene,
reaching, gripping, and
other common activities)

11. Barclay Canada Stroke 227 4 2

[44]

Outcome: Other model variables: Indoor and outdoor Mobility variable: Gait

SRH (EQ-VAS) | mobility, depression speed

12. Bouchard | Canada Multiple 189 9 2,4,5,6,9

[45] sclerosis

Outcome: Other model variables: Fatigue, depression, Mobility variable:

Illness pain, health perception Balance [2], 6MWT,

intrusiveness Physical function, Power

13. Perruccio Canada Join 449 3 3

[46] replacement

Outcome: Other model variables: Two latents: Mental Mobility variable:

SRH health (anxiety, depression); social health Physical health latent:

(participation, transportation) Pain on activity, ADL,

physically demanding
activities, fatigue

14. Aree-Ue Thailand Osteoarthritis | 200 4 3

[47]

Outcome: OA | Other model variables: Pain, fatigue, Mobility variable:

knee and hip

depression

Timed-up-and-Go test

quality of life
(OAKHQOL)
15. Mayo [48] | Canada Stroke 533 4 4
Outcome: Other model variables: Latent variables for: Mobility variable:
SRH Biological variables, symptoms, function, health | Physical function
perception, personal and environmental factors
following Wilson-Cleary model
16. Soh [49] Australia Parkinson’s | 210 12 ‘ 4,7
Outcome: Other model variables: Age, co-morbidities, Mobility variable: Motor
PDQ-39 disease duration, disease severity, fall history, impairments, (UPDRS),

sex, social support, motor and non-motor
impairment (UPDRS), self-care limitations
(UPDRS-II)

timed-up-and-Go test;

17. Bielderman | Netherlands Older persons | 193 5 5
[50]

Outcome: Other model variables: Social functioning Mobility variable: Leg
CASP-19 (partner, loneliness, social network, social strength, aerobic

support), depressive symptoms, self-efficacy,
socioeconomic status

endurance, dynamic
balance

(continued)
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Table 5.2 (continued)

Study # / First N Model Mobility
Author Country Population | Number | Variables Rank
18. Mayo [51] |Canada Older HIV 707 18 7
men

Outcome: Other model variables: Latent variables for: Mobility variable:
Single QOL Biological variables, symptoms, function, health | Physical function
item perception, personal and environmental factors

following Wilson-Cleary model

ADL Activities of Daily Living; MCS Mental Component Summary (SF-36 / RAND-36); OA
Osteoarthritis; PCS Physical Component Summary (SF-36 / RAND-36); PDQ(L) Parkinson’s
Disease Quality of Life; Physical Function: Subscale of 10 self-report items from SF-36/RAND-36
(limitation in vigorous and moderate activities, stairs, walking short and long distances, bending,
lifting, and self-care); SRH Self-rated Health; UPDRS United Parkinson’s Disability Rating Scale;
WHO World Health Organization

A feature of these papers is that the impact of mobility is evaluated in the context
of other variables including personal factors, environmental factors, symptoms, and
other activities. However, a limitation of these studies is there is no universally
accepted measure of QoL and the outcomes modeled covered domains that are part
of, but not, QoL such as physical health (often the PCS from the SF-36), general
health, mental health, participation, illness intrusiveness, or generic or condition
specific profile measures of HRQL. Two constructs closer to QoL were life-
satisfaction and well being. Only two of the 18 studies measured of QoL, one with
a QoL measure, CASP-19 (Study #16, and one with a single item (Study # 17 from
Table 5.2). The studies are ordered according to the rank of mobility in explain QoL
outcomes.

In these studies, mobility was measured in two ways, through self-reported limi-
tations or difficulties with mobility related activities and through tests of physical
capacity. For the latter, these measures included impairments affecting mobility
such as strength, balance, and aerobic capacity and performance tests of mobility
such as gait speed, Timed-up-and-Go, and 6MWT.

The first seven studies had at least one component of the mobility variable as the
most important. Of these seven studies, four were from general population samples
or older persons (Study # 1,3,4,5) and three were from clinical populations (Study
# 2,6,7). Five studies had mobility as the second most important variable (Study #
8—12) and these were all of clinical populations.

The two studies (Study # 17,18) where mobility variables were not related to
QoL were the same two studies that used actual QoL measures rather than measures
of related constructs. These measures relate to QoL of the person. Study #17 used
the CASP-19 which measures the extent to which the older person feels control,
autonomy, pleasure and self-realization. Study #18 used a single QoL item in men
living with HIV, a condition that does not affect mobility primarily. The outcomes
in many of the other studies included aspects of the body’s QoL for which mobility
would have a stronger influence.
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This new distinction between QoL of the person and QoL of the body is impor-
tant because health care targets the body. Monitoring the body’s QoL could be a
valuable way for people to know about their body and to reduce the impact of illness
and life’s stresses on the body. Monitoring the body’s QoL could also be an effective
health care surveillance strategy particularly if it can be done unobtrusively and in
real-time.

QoL of the person is best reflected through global QoL measures including those
of life satisfaction, whereas QoL of the body is reflected in outcomes related to in
health, participation, and illness’ intrusiveness, by, for example impairing mobility.
The importance of this distinction could be profound, as the person, with assistance
for a growing portfolio of technologies, is better placed to monitor the QoL of their
body in real time and react or adjust accordingly. Also, it is recognized that QoL of
the person has a profound effect on the body through stress reaction or, in general,
behaviors aimed at managing negative emotions [52], that the person could be made
aware of through monitoring QoL of the body.

Using Mobility to Quantify QoL

If we were to use mobility to quantify QoL, how much will we under or overesti-
mate QoL and in whom and under what circumstances? While the WHO provides a
definition of QoL, in 1978, Flanagan [9] identified 15 components of QoL which are
listed in Fig. 5.2.

Based on the literature [36, 53, 54] and the clinical and research experience of
the authors, an estimated 1/3 of QoL of the person would be explained by mobility,
with helping others and active recreation most affected and learning, understanding
self, and creativity the least affected (see Fig. 5.3).

Health Material

Personal safety Learning
comforts

Creative Relationship x Participation in

public affairs

expression 4 Helping others

Understanding

Socializing Leisure self

Fig. 5.2 Flanagan’s (1978) Components of QOL
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Fig. 5.3 Amount of QOL explained by mobility

What Mobility Parameters Can Be Monitored
Via Technologies?

Table 5.2 provides a list of mobility parameters that people have linked to QoL. Starting
at the most global is life-space mobility [55], which relates to how far from home a
person moves and has been shown to be associated with social support, capacity to
drive, and gait speed [56]. One can tell a lot about a person through this one measure,
which can be monitored through Global Positioning System (GPS) technology (or
some combination of Cell-IDs [57]) that comes with most smart phones or smart wear-
ables. Second on the list, and also very telling about the body’s QoL is the amount of
vigorous activities carried out which can be monitored using heart rate and physical
accelerations. Increased heart rate without movement would indicate stress (physical or
emotional), fear, or cardiac pathology. Amount of time spent in activity would be
another very important indicator of the body’s QoL and this is easily monitored using
simple wearable devices that monitor accelerations. A common metric is sedentary time
[58], which is known to be detrimental to health. Wearable accelerometers also provide
information on speed of movement such as step cadence and duration of activity bouts.
Canadian Physical Activity Guideline [7] for adults advocate a minimum of 150 min-
utes of moderate activity accumulated over a week in bouts of 10 minutes; walking at a
cadence of 100 steps a minute would meet this recommendation [59].

Higher levels of physical activity such as is achieved through climbing stairs can
also be tracked on many smart phone/watch applications. For example a 4 hour
game of golf on a hilly golf course that the senior author (NM) regularly walks
accumulates 20,000 steps and the equivalent of 38 flights of stairs.

Gait speed while considered the sixth vital sign [60] is actually less important
than cadence and more difficult to track as it requires a measure of distance not just
stepping frequency. Gait speed is easier to measure clinically where a fixed course
can be walked and timed, raising its importance as a clinical indicator because of
ease of measurement. The importance of gait speed for safety cannot be disputed as
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people who cannot walk a speeds of greater than 0.5 m/sec (i.e., in terms of their
capacity) are at risk of falls and benchmarks of >0.7 m/sec and > 1.0 m/sec indicate
safety risk when crossing 2- and 4-lane streets [61]. However, the frequency at
which people walk at different cadence bands a more relevant indicator of how the
body is doing in everyday life. Tudor-Locke [59] showed that despite having capac-
ity to walk at a health promoting pace when tested clinically, it is rare for the North
American senior to do this in the real world for more than a few minutes a day. Mate
et al. [62] showed the same was true for people with Multiple Sclerosis in that they
do not reproduce what they are capable of doing on a clinical test in their real world
environment, except of course if they lack capacity.

Another clinical test that shows importance for QoL is the Timed-Up-and-Go
(TUG) test [63]. This test is indicative of mobility as it requires standing up from a
chair, walking 3 meters, turning around, and return to sit back down on the chair.
Again, this test is easily done in the clinic, as it requires only a standard chair and 3
meters of walking space. In the real world, the number of transitions from sitting to
standing can be captured, as it is another metric available on standard accelerometers.

These mobility measures relate to activity but it is also possible to track motor
impairments that lead to mobility limitations such as slowness of movements that can
result from stiff joints, resting and intention tremors, poor posture, balance, and poor
gait quality. Monitoring these impairments would require different technologies dis-
tributed to different parts of the body, but all are possible. There are apps for tremor and
balance that require the person hold a smart phone. Posture, balance and gait quality
can be measured using inertial devices attached to the back [64] or to the shoe [65-68].
A selection of wearable devices for mobility and health are shown below (Table 5.3).

Table 5.3 Examples of wearable technologies that can monitor the QoL of the body

\

Garmin activity tracker UPRIGHT Posture trainer

‘Wearable oximeter (AARC) Gait analyser

[4

Pz

Heel2Toe™ PhysioBiometrics Inc. Sweat monitor
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How do these measurements relate to QoL of the body? Research show that
slowness of movement, poor and irregular gait, poor posture, lack of activity can
indicate states of pain, fatigue, low mood, apathy, or anxiety [69—73].

Mapping the Future

We are at the cusp of changing the way we think about monitoring and remediating
[74] and technology is poised to empower people to take charge of their own QoL,
including, or starting from, their body’s QoL. Given the emergence of today’s and
tomorrow’s personalized and miniaturized technologies, the future of monitoring
the QoL of the body is inevitable [18]. We envision that the individuals will wear an
accurate, well designed smartwatch that monitors activity, heart rate, oxygen satura-
tion, and tremor, amongst other variables. For people with specific health chal-
lenges, their posture, stability, and gait quality would be also monitored by small
unobtrusive sticky devices placed on their spine, shoulder, ankle or shoe. They also
would receive updates on how they are doing, as their devices are continually con-
nected to their smartphone. They will be able to see how their body reacts to internal
and external stimulae and learn how to respond to signs of threat [18]. They will
also be able to program these devices to provide engaging and effective feedback for
optimal performance, literally stamping in good mobility habits, and influencing
positively their QoL in the long term.
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Chapter 6

iSenseYourPain: Ubiquitous Chronic
Pain Evaluation through
Behavior-Change Analysis

Matteo Ciman

Introduction

In 1979, the International Association for the Study of Pain defined pain as “an
unpleasant sensory and emotional experience associated with actual or potential
tissue damage or described in terms of such damage” [1]. Pain is a subjective expe-
rience corresponding to an unpleasant situation that may be both physical and psy-
chological. Acute and chronic pain are considered two distinct medical conditions.
Acute pain is provoked by a specific injury or disease, generally lasts no longer than
6 months, and goes away when the underlying cause is gone [2]. Chronic pain, on
the other hand, is a long-term condition. When associated with a specific injury or
disease, it is considered a disease itself because it outlasts the normal healing time.
It may even arise from a psychological state with no biological cause and with no
recognizable endpoint [2]. In patients with chronic pain, overall quality of life is
diminished [3], and for some patients, this pain can persist for one’s entire life.
Aspects of quality of life that are usually influenced by chronic pain include, but are
not limited to, sleep, cognitive and brain function, mood, mental health, and even
sexual function [3-6]. Moreover, the amount one’s quality of life decreases is
strongly correlated with the severity of chronic pain experienced [3], so that higher
levels of pain lead to more significant reductions in quality of life.

The impact of chronic pain on quality of life calls for a reliable and continuous
approach to pain monitoring and evaluation in order to provide the best possible sup-
port to patients. The aim of such an approach should be to assess patients’ pain
throughout their lives in a timely and accurate manner without the use of self-reporting
and to help patients cope with their situations so that they can avoid a considerable
decrease in their quality of life. For this reason, this chapter presents iSenseYourPain,
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a system design that aims to gather continuous data about patients’ behavior in order
to understand how their pain experiences influence their lives. For example, the sys-
tem seeks to determine if changes in sleep occur by measuring the number of hours
and times of day when one sleeps, along with data such as the number of steps taken
each day and the amount of time spent outside. The data is collected using ubiquitous
devices and personal sensors integrated into patients’ everyday lives. This way,
patients do not need to carry intrusive, special medical devices to collect the informa-
tion. By facilitating real-time assessment, the iSenseYourPain system is primarily
designed to determine when increases in a patient’s pain occur while measuring daily
life activities and recognizing patterns of activity and pain experiences. In addition,
the system aims to provide feedback to help patients manage pain exacerbations when
needed with the help of their physician or relatives.

This chapter is structured as follows. Section 2 discussed the pain and its assess-
ment via self-report methods, while Sect. 3, its assessment via devices. Section 4
presents the iSenseYourPain design n choices and Sect. 5 concludes the chapter.

Self-Reported Pain and Chronic Pain Assessment

Chronic pain requires frequent patient follow-up focusing on how pain is triggered
[3], how it fluctuates with different behavioral patterns, patients’ medication regimens
and daily life contexts, and the ways pain influences overall health and life quality.
Currently, the evaluation of chronic pain is generally based on the use of paper ques-
tionnaires and scales for which patients provide self-reports at predefined time inter-
vals responding to a set of questions concerning their symptoms in the previous days
or months. The most commonly used scales are described in what follows.

Boonstra et al. [7] have developed a scale model to evaluate pain based on the
Numeric Rating Scale. A common challenge with this type of scale, however, is
defining the different cut-off points for the mild, moderate, and severe pain catego-
ries into which the scale is divided. The Visual Analog Scale (VAS) is another
common method for quantifying the severity of pain. It is a continuous outcome
measure consisting of a scale 100 mm in length ranging from 0 to 100 with low- and
high-end points corresponding to no pain and the worst pain. The VAS is easy to
administer and has been validated for both adults and older children. It has also
proven to be a reliable and valid technique to measure acute pain in emergency
departments [8]. Meanwhile, the Brief Pain Inventory is commonly used to mea-
sure a patient’s pain intensity and how much this pain influences their ability to live
their everyday life. It consists of two different categories, namely pain intensity and
pain interference [9]. The Medical Outcomes Study Pain Measures is another
questionnaire that evaluates pain according to intensity, frequency, duration, and its
impact on behavior and mood [10]. The Oswestry Low Back Pain Disability
Questionnaire and the Back Pain Classification Scale are tools used by research-
ers and disability evaluators to evaluate low back functional disability or psycho-
logical disturbance [11, 12]. The Pain and Distress Scale, another frequently used
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tool, is a measurement of mood and behavior that may be associated with acute
pain. It does not describe the severity of patients’ pain itself but rather the physical
and emotional reactions that can be attributed to limitations caused by pain in daily
activities, including increased anxiety, depression, and decreased alertness [13]. In
pediatric populations, facial expression drawings or “faces scales” are a popular
method of assessing pain severity. A variety of faces scales exist, each of which uses
a series of facial expressions to illustrate a spectrum of pain intensity. Faces scales
are ordinal outcome measures consisting of a limited number of categorical
responses ordered in a specific pattern. Although the optimum design of the facial
expressions is frequently debated, the literature suggests that face-based rating
scales are the preferred method of pain reporting among children. The Wong-Baker
FACES Scale in particular has been implemented in multiple pediatric settings for
pain assessment [14]. The McGill Pain Questionnaire (MPQ) is used to evaluate
and monitor the pain over time, even to determine the effectiveness of any interven-
tion [15]. The Pain Perception Profile (PPP) uses four different points of view to
describe in the pain experience of each patient [16].

Finally, the Chronic Pain Grade Questionnaire is a multidimensional measure
that assesses two dimensions of overall chronic pain severity: pain intensity and
pain-related disability [17].

Table 6.1 provides an overview of the different pain scales, including the items
to be filled out by the patient in each scale, the recall period, and the number of

Table 6.1 Recap of different scales used to measure pain in patients

Number of | Type of pain Number of
Scale name items Recall period output levels
The visual analog scale (VAS) [8] 1 Acute and chronic 10
pain
Now
The Brief Pain Inventory [9] 11 Acute and chronic 11
pain

Now, recent days
and past weeks

The Medical Outcomes Study Pain 12 Chronic pain 12

Measures [10] Past four weeks

The Oswestry Low Back Pain Disability | 10 Chronic pain 6

Questionnaire [11]

The Back Pain Classification Scale [12] | 103 Acute and chronic Checklist — 1
pain

The Pain and Distress Scale [13] 20 Acute pain 4
Recent days

The McGill pain questionnaire (MPQ) 20 Chronic pain 1

[15] Now

Pain perception profile (PPP) [16] 37 Acute pain 4
Now

Chronic Pain Grade Questionnaire [17] 7 Chronic pain 10
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output levels provided by the scale based on the type of pain (acute or chronic)
being assessed.

One of the aims of the assessment system that is proposed in this chapter is to
realize a shift from a paper-based self-reporting approach to an automatic and ubiq-
uitous one. Self-reporting requires time and cognitive effort to carry out and cannot
be performed frequently, especially to the degree required for constant monitoring.
The latter approach is based on the use of various ubiquitous devices that can con-
stantly assess pain-related behavior changes. The iSenseYourPain system, which is
presented in Sect. 4, is pervasive, ubiquitous, and non-invasive, requiring no input
from the patient beyond an initial calibration phase and no equipment besides the
technologies and devices already used in one’s everyday-life, thus increasing patient
acceptance. Before the presentation of the system, however, Section 3 provides a
brief overview of how smart devices have been used for pain detection until now in
order to contextualize the development of iSenseYourPain.

Pain Detection Using Smart Devices

In the last decade, there has been an exponential increase in the number of mobile
and ubiquitous devices in use, while a considerable number of self-monitoring
applications have been introduced that aim to assess and improve individuals’ over-
all quality of life. Several studies have pointed out that, for these solutions to be
effective, they should be easy to use, customizable, and adaptable to the routine and
lifestyle of each person, including their location, social interactions, and healthcare
needs, while providing timely and personalized suggestions [18].

Given that chronic pain can have a severely detrimental impact on quality of life,
several systems and platforms have been developed to provide support to patients
suffering from it. One such platform is that of online peer-support forums. Several
studies have been conducted that analyze their interactive use among patients with
similar symptoms and diseases to promote the exchange of information and per-
sonal experience, provide distraction, and facilitate social or peer support. Meta-
analysis of several trials in which online forums were leveraged in patients’ care
showed that patients who used such forums experienced a significant reduction in
pain and anxiety, loneliness, and withdrawn behavior, as well as a greater willing-
ness to return for treatment [19-21].

Besides online forums, the use of personal device systems is becoming increas-
ingly common in the context of chronic pain. Kristjansdéttir et al. [22] have devel-
oped a smartphone intervention system for women with widespread chronic pain.
The intervention involves one face-to-face session between the patient and a nurse
and four weeks of written communication between the patient and their therapist
through the device. In Kristjansdéttir et al.’s study of the system, participants filled
daily smartphone diary entries to support their awareness and reflect on pain-related
thoughts, feelings, and activities. The registered diaries were made available to a
therapist who provided personalized written feedback to the patient based on
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cognitive-behavioral therapy principles. The results suggest that a smartphone-
delivered intervention with diaries and personalized feedback can reduce “catastro-
phizing” and prevent increases in functional impairment and symptom levels in
women with widespread chronic pain following inpatient rehabilitation.

Meanwhile, multiple applications have been developed that focus on the man-
agement and assessment of chronic pain. Painometer [23] is an app that helps users
assess pain intensity, including four different pain scales (including a faces scale)
that can be used by patients to report pain experiences to their physician. Its main
purpose is to encourage patients to report their pain and make the act of reporting
more acceptable by offering a simpler and more accurate means of communication
between patient and physician (see Fig. 6.1). The iCanCope with Pain [24] program
is an integrated web and smartphone application for children and adolescents suffer-
ing from chronic pain. The goal of the application is to address the self-management
needs of adolescents with chronic pain by improving access to disease information
and symptom-management strategies while providing functionality for the self-
monitoring of symptoms, the setting of personalized goals, pain coping skills train-
ing, chronic pain education, and peer-based social support.

Other studies in pain management have investigated the implementation of less
ubiquitous or pervasive methods such as the use of external sensors such as electro-
cardiogram (ECG) or electroencephalogram (EEG) (as shown in Fig. 6.2). These
devices have been used to collect data for biological values such as levels of oxygen
saturation in the blood (SPO,), body temperature, heart rate (HR), heart rate
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Fig. 6.2 Example of external sensor-based systems for pain assessment [25, 26]

variability (HRV), and galvanic skin response (GSR) [26, 27], as well as to perform
simple electrocardiograms (ECGs) [25, 28] to detect and predict migraines in
patients. Despite their effectiveness, it is clear that such approaches are far from
easy to adopt for routine evaluation and monitoring of individuals’ behavior met-
rics. Such external sensors are generally more invasive than personal wearable sen-
sors, which in most cases are capable of performing the same measurements. For
example, the Holter ECG monitor that is used to measure HR (shown in Fig. 6.2) is
much more intrusive than a simple smartwatch, despite the fact that smartwatches
are capable of monitoring HR continually with nearly the same accuracy.

As this section has demonstrated, current research and medical practices involv-
ing the use of smart devices for pain detection are either based on self-reporting and
thus do not assess real-time changes in patients’ pain experience, or they rely on
external devices that are likely to affect or interfere in the everyday life of the
patient. For these reasons, this chapter proposes a system designed to unobtrusively
collect accurate and timely information about patients’ behavior and identify cor-
relations between changes in patients’ everyday life activities and their experiences
of pain. In contrast to assessments that are based on self-reporting, the system also
aims to provide immediate evaluations and, eventually, to support patients before
chronic pain dramatically impacts the quality of their life and the lives of those
around them.

iSenseYourPain: System Criteria and Design Choices

In this section, we outline the proposed iSenseYourPain system’s main requirements
and components, beginning with a discussion of previous research concerning smart
devices that informs the system’s overall approach. As indicated earlier in the
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chapter, the system’s main purpose is to use everyday devices to collect different
types of data, analyze the data, and determine if a patient is experiencing a higher
level of pain than normal and in which circumstances.

The design of the system and its components is based on the results of previous
research that highlighted how behavior, and the interactions between a user and
several daily-life smart objects, are influenced by emotional states and moods [29,
30]. Pain is not an emotion or feeling but a physical and/or mental state that may
alter an individual’s usual behavior. Such changes in behavior can be measured
using several common devices, such as smartphones and other personal ubiquitous
devices. The acquired data may have varying levels of granularity and encompass
diverse modalities, ranging from the number of steps taken during the day to more
complex measurements such as sleep quality or HR variability. Ultimately, the
method of collecting data from everyday ubiquitous devices to assess the behaviors
and behavior changes associated with pain meets the criteria that were initially set
for the system: namely, the realization of automatic and minimally intrusive assess-
ments that leverage patients’ daily life environments.

The design of the iSenseYourPain system is presented in Fig. 6.3 below. The
design includes four main components:

* A sensing component, which consists of a set of sensors and ubiquitous devices
capable of collecting data about patients’ lives that are embedded in the patient’s
environment (Fig. 6.3, left side);

e A self-report component occasionally used by the patient to self-report pain lev-
els (Fig. 6.3, left side);
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Fig. 6.3 iSenseYourPain system high-level design
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* The core analytics component, which is hosted at a dedicated secure server and
which analyzes the collected data to model and evaluate individuals’ behaviors
and correlate them with their pain levels (Fig. 6.3, middle);

* A visualization component for the physician and/or the individual’s relatives that
summarizes the patient’s pain experiences and aspects of their behavior and indi-
cates potential areas of focus for additional interventions or usual care (Fig. 6.3,
right side).

Data Sources and Collection

The system uses the data it collects to qualitatively and quantitatively describe the
patient’s behavior and define objective metrics in order to identify patterns linked to
the patient’s experienced pain levels. Table 6.2 below indicates how data corre-
sponding to the different aspects of daily life potentially influenced by chronic pain
can be sampled and collected within the system. In addition to data collected auto-
matically through devices, a questionnaire based on the Chronic Pain Based
Questionnaire (CPBQ) [17] is used occasionally to collect subjective pain experi-

ence data that is later correlated with data collected by the devices.

Table 6.2 Aspects of daily life influenced by pain and corresponding data types and rates

Aspects of daily
life

Type of data sources

Sampling rate

Other factors

General activity

Smartphone, hybrid
home sensors

Hourly, daily

Highly variable between days,
seasons, weeks

Mood

Smartphone, hybrid
home sensors

Weekly, monthly

Highly subjective, additional
data collected via self-reports

Walking ability | Smartphone, Daily Strongly influenced by pain
wearables level

Work activity Smartphone Daily, weekly High variability according to
interactions, the subject, additional data
wearables/sensors collected via self-reports

Relations with

Smartphone, hybrid

Daily, weekly,

Number of interactions and

other people home sensors monthly time spent vary highly
according to subject
Sleep Smartphone, Daily Influenced by various factors:
wearables Food, alcohol, physical
activity, etc.
Enjoyment of Smartphone Daily Highly subjective, additional
life interactions, data collected via self-reports
wearables/sensors
Perceived pain Structured Varies, frequency Subjective
levels (CPBQ questionnaire progressively

(171

decreases
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There are two important aspects of the design of the data collection methods:
modularity and ubiquity. The collection methods are ubiquitous because all data
sources are embedded within everyday life devices such as smartphones, wearables,
the home environment, TVs, and appliances. This design choice aims to reduce the
system’s intrusiveness, leading to higher levels of acceptance from the patient while
lowering the influence of the system itself on everyday behaviors. On the other
hand, the system’s modularity is essential to making it as scalable as possible and
adaptable to the specific set of sensors or devices available to and used by each
patient. As is explained in Sect. 4.2 below, each patient is characterized by a unique
model corresponding to their everyday behaviors and pain-related behavior changes.
These models are continually developed and evaluated based on the available sen-
sors and devices and the data they collect.

As indicated above, patients are also occasionally asked to self-report pain levels
by filling in a brief questionnaire on their smartphone in a way that leverages the
Experience Sampling Method (ESM [31]). This self-reporting is carried out fre-
quently at the beginning of the system use period, as it is important for creating and
calibrating the patient’s personalized model. The estimated duration of this initial
calibration phase is one to three weeks, depending on the regularity of the patients’
usual behaviors (such as sleep and activities) and the extent to which pain affects
these activities. Once the model is pre-trained, the frequency with which patients
submit self-reports via ESM will decrease, as the behavior—pain model will require
only occasional smaller adjustments. In addition to the behaviors incorporated into
the patient-specific model, there are some unusual behavioral indicators that may be
strongly connected with pain experiences, such as the patient’s staying a full day
indoors or spending unnaturally long periods in bed. These behaviors are treated as
“red flags” indicating a pain experience regardless of the patient’s personalized
model. When such unusual behaviors are detected by the system’s technologies, the
patient will be prompted to self-report so that the system can develop its pain model
more accurately.

Data Analysis and Modeling

The core analytics component of iSenseYourPain is hosted at a secure server and
focuses on providing analytics of the features derived from the system’s various
data sources. A model specifically derived for each patient is used to correlate
behavior with the patient’s pain levels. Table 6.3 provides examples of the features
that can be derived from different data sources.

As every patient changes their behavior in different ways in response to pain
experiences, the proposed system aims to identify the variations from normal behav-
ior that are associated with pain for each particular patient. For example, sleep sen-
sors can be used to model when a patients’ quality of sleep decreases based on the
number of hours the patient is sleeping, the number of times they wake up during
the night, and the duration of time they spend awake. Similarly, patients



146 M. Ciman

Table 6.3 Examples of possible features derived from different data sources

Type of data Source Features

Smartphone Smartphone Use time, screen interactions (touch, placement,

interactions strength of touch), time spent with different

applications

Home life Hybrid home sensors | Time spent inside/outside home, time spent in
(for activity, light, different rooms, types of activities performed at home
noise, etc.)

Sleep data Wearables Sleep duration, timing of sleep during 24 h period,
Smartphone quality of sleep (especially sleep interruptions), time

of different sleep phases (potentially inaccurate)
Smartphone use around sleep and wake-up time

Physical Wearables smartphone | Number of steps, time spent walking or inactive,

activity timing of activities during 24 h period

Heart data Wearables Average HR, resting HR, time spent in different HR
zones, HRV

Social Smartphone Number of calls and messages sent/received

interactions (including social media usage), people met during the
day (indoor/outdoor meetings, types of locations
visited)

experiencing pain may take fewer steps outside their house than they normally do
while constantly moving inside the house and changing their position (e.g., sitting
or standing) or moving from room to room, all of which are behaviors that can be
modeled by the system. Patients may also have different ranges of HR or HRV and
smartphone habits. As each patient reacts to pain in different ways, the iSenseYour-
Pain system uses the data collected during the initial training phase to understand
each patient’s behavior and develop a model that corresponds to their specific
behavioral patterns.

Conclusions

Chronic pain is considered a permanent medical condition. It may be due to a spe-
cific disease or injury, or it can arise from a psychological state, both of which may
lead to chronic pain conditions with no predictable endpoint [2] and an overall
decrease in quality of life. In patients with chronic pain, the behavioral changes
associated with pain experiences tend to vary. Currently, these changes are gener-
ally assessed via self-reported measures that are infrequent, subjective, and mem-
ory based.

In this chapter, we have proposed the iSenseYourPain system design as a means
to constantly evaluate the pain experienced by patients through assessment of
observed behavioral patterns. iSenseYourPain collects data about patients’ everyday
behaviors and models relevant aspects of their daily life. Based on a specific model
developed for each patient, it then assesses and predicts patients’ pain levels based
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on their behaviors. The system can inform a patient’s physician about increased pain
levels or inform their relatives about their potential care needs.

The iSenseYourPain system entails a significant contribution to the development
of quality of life technologies [32] and the potential use of everyday technologies to
quantify different aspects of individuals’ lives [33]. Overall, implementing systems
such as iSenseYourPain may facilitate the achievement of better life quality for
patients and for those around them.

Future studies will be conducted that focus on implementing the system, both on
the side of data collection and on that of the development of the patient model.
Moreover, we plan to investigate which aspects of patients’ daily lives that can be
measured with personal and ubiquitous devices are most representative of behav-
ioral change associated with pain experiences in specific types of patients.
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Chapter 7

Technologies for Quantifying Sleep:
Improved Quality of Life or
Overwhelming Gadgets?

Sirinthip Roomkham, Bernd Ploderer, Simon Smith, and Dimitri Perrin

The Importance of Sleep

Sleep is, broadly, a recuperative and restorative process. As behavior, it is character-
ized by reduced activity, withdrawal, quiescence, and reduced responsiveness. Put
simply, humans typically tend to move to a designated sleep space (such as a bed),
lie down, close their eyes and lie still. Sleep is also a very complex neurophysiologi-
cal process, of which only some features can be readily observed or measured [1],
with associated complex changes in physiology, including reduced respiration and
heart rate, changes in heart-rate variability, cyclical changes in muscle tone,
amongst others.

Humans are regarded as diurnal (day active) animals, and as adults they tend to
achieve their major sleep episode during the night-time hours. This timing of sleep
is largely governed by circadian processes, and particularly by the evening expres-
sion of the hormone melatonin, together with a ‘homeostatic’ increase in the likeli-
hood of sleep, the longer a person is awake. These two processes ideally function to
promote regular, consistent, and sufficient sleep. However, the achievement of good
sleep also depends on opportunity and environment. In the contemporary context,
sleep is often disrupted by choice or by externalities. These can include preferences
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around work, study, or leisure hours (including engagement in social media, gaming
and other device use), education demands, the presence of illness and pain, stress
and worry, environmental factors including noise and extremes of temperature, nat-
ural and other disasters, and the suppression of melatonin expression by artifi-
cial light.

While there is robust debate around the idea of an ‘epidemic of sleeplessness’
[2], many people are not getting sufficient sleep. Current evidence-based recom-
mendations for sleep duration [3] suggest that 7 or more hours of sleep is required
by most adults, and that more than 9 hours might be needed by young adults. In
contrast, the US Centres for Disease Control report that 30-40% of people habitu-
ally achieve fewer than 7 hours of sleep [4], defined as short sleep duration, with
almost 70% of high school students sleeping fewer than 8 hours [5]. Although nor-
mal sleep duration can vary between individuals, sleep restricted to less than 6 hours
per night has been associated with significant impairments in cognitive perfor-
mance, vigilance, and affect [6].

The effects of sleep loss can be seen very acutely. For example, sleep restricted
by just a few hours can be observed in objective performance the next day [7, 8].
However, sleep loss can also accumulate over nights, so that an hour less sleep each
night over a week may be equivalent in effect to a full night of sleep deprivation.
The impact of chronic partial sleep restriction may not be observed immediately, but
may be seen many years later through increased health and mental health problems
[9]. This possibility has been raised by data showing strong links between involve-
ment in shift work and later long-term health consequences. This means that sleep
needs to be understood across timescales ranging from a single night to decades,
and the nature, level, and intensity of measurement needs to reflect those timescales.

The two most common sleep disorders are insomnia and Obstructive Sleep
Apnoea (OSA). It is possible that as many as a billion adults globally have
Obstructive Sleep Apnoea, with a prevalence approaching 50% in some countries
[10, 11]. The prevalence of insomnia may range from 6-10% by strict clinical defi-
nitions, to over 30% for poor or unsatisfactory sleep [12]. The direct (medical and
industrial) and indirect (social) costs associated with these sleep disorders, and with
other forms of poor or disrupted sleep, are very high, e.g. over $680 Billion across
just 5 OECD nations [13]. The understanding, identification, and treatment of sleep
disorders have seen very rapid growth over the past decade. While current treatment
approaches to these disorders are regarded as both effective and cost effective [14,
15], this growth still represents a very high additional cost. Due to the high global
burden of OSA and insomnia, health-care systems will face major cost and logistic
challenges, and must adopt more effective and efficient diagnostic and management
strategies so that the negative health impacts can be minimized. There is a specific
and growing need for broader public health, individual health, early intervention,
and prevention approaches to sleep health.

Sleep is clearly not a unitary state. Instead, it has distinct dimensions including
duration, quality, timing and regularity, each of which can have corresponding
objective and subjective meaning. Further, sleep matters for daytime function so
that constructs such as daytime alertness, clarity, speed, energy and satisfaction are
also very important. This multidimensionality means that approaches to the
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measurement of sleep by devices must also be multidimensional, or be understood
to be constrained to one or more dimensions, in order to understand sleep meaning-
fully. Another implication is that a measure optimized for measurement along one
dimension may not function well to measure another. Rather than asking ‘how well
does this device measure sleep’, we might ask ‘what is it about sleep that this device
measures’. Sleep science is a relatively new field, and the parallel rise in personal
miniaturized sensing technology suggests a great opportunity for increased mea-
surement, and increased range and mode of measurement, to inform new under-
standing of this complex state.

Individuals are increasingly interested in their own sleep, mirroring increasing
public interest and understanding of the role of sleep in overall health and wellbeing
alongside nutrition and exercise. Quality of Life Technologies (QoLT) provide
immediate feedback through smart devices that people can use in their daily life to
assess and enhance their health and well-being [16]. Most sleep tracking devices
appear to have achieved the fundamental aims of QoLT, for instance, in that they
claim to enable individuals to quantify their sleep through apps or wearable devices.
However, important questions remain. Are these devices addressing a need that can-
not be met by existing methods? Can they provide an objective and reliable assess-
ment of sleep? Are there potential pitfalls in the use of such devices? Our Chapter
aims to cover all these questions.

Why Are Existing Methods Not Adequate?

Sleep disorders are defined by recognized clinical criteria such as the International
Classification of Sleep Disorders, ICSD-3 [17], the International Classification of
Diseases, ICD-11 [18], and the Diagnostic and Statistical Manual of Mental
Disorders, DSM-V [19]. Meeting these criteria generally requires an overnight
sleep study using polysomnography (PSG) to confirm the clinical diagnosis of a
specialist sleep physician (e.g. for suspected OSA), or may require careful clinical
diagnosis by a psychologist without reference to PSG (in the case of insomnia).

Polysomnography (PSG) is regarded as the gold standard for diagnosis of spe-
cific sleep disorders (shown in Fig. 7.1). PSG objectively quantifies sleep-related
indices from a combination of electroencephalogram (EEG, brain states), electro-
cardiogram (ECG, cardiac states), electromyogram (EMG, muscle tension), electro-
oculogram (EOG, eye movements in sleep) and indices related to sleep disorders
such as nasal airway pressure and flow, respiratory effort, infra-red video, sound
recording, and blood oxygen saturation. Individuals typically spend one or more
nights in a hospital or clinic sleep laboratory, where they are monitored throughout
the night, although there is increasing uptake of home-based and limited channel
studies [20].

While PSG remains the gold standard for assessment of specific sleep disorders
and is an evolved medical technology, it has certain features that limit its use. One
or two nights of assessment does not allow for longer-term tracking of change, and
does not assess the habitual sleep of individuals in their natural sleep environments
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Fig. 7.1 A polysomnography
test (image courtesy of Prof.
David Lovell)

and schedules. PSG requires extensive resources including equipment, staff, and
software. In addition, it is not always easy for someone to undertake a sleep study
when needed as waiting times for access can be considerable [21]. The interpreta-
tion of sleep data is another challenge. Variability in the use of established rule sets
for visual scoring of the PSG results in unreliability in key PSG outcome indices
(such as the Apnea-Hypopnea Index, AHI) both within individual scorers and across
laboratories [22], even when a single rule set is adopted [23]. For this reason, auto-
mated analysis of studies using Machine Learning have been proposed as a way to
reduce scoring variability and error. While these analytical models increase the con-
sistency of scoring, and perform well against expert visual scoring, no single model
has achieved widespread acceptance. The promise of neural network models and
more recent Artificial Intelligence models has been recognized [24, 25] as a way to
increase efficiency and accuracy in sleep medicine, but also to provide a deeper
understanding of sleep and circadian biology.

A second key method used to understand sleep is through elicitation of self-
reported experience. This approach is required to capture the qualitative or subjec-
tive dimensions of sleep [26]. In some cases, this experience cannot be measured
objectively (e.g. satisfaction with sleep), or is necessary to understand predictors or
consequences of poor sleep (such as increased alcohol use, or poor work perfor-
mance). This can be done through structured ‘sleep diaries’ or time use surveys [27],
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or through clinical and non-clinical rating scales and other measures. These mea-
sures can be used to complement objective measurements from PSG, or may stand-
alone for use in other settings such as epidemiological surveys.

Subjective assessment using instruments such as the Pittsburgh Sleep Quality
Index [28] is seen as relatively inexpensive and quick, and for those reasons is often
used as an initial screen for sleep diagnosis [29]. However, the use of paper-and-
pencil measures in particular can lead to high transcription and scoring costs, sig-
nificant user effort, and simple measurement error. There is typically a requirement
for careful development of subjective measures along sound psychometric princi-
ples, and a need for high quality normative studies (e.g. stratified by age, gender,
socioeconomics or other factors) to inform meaningful interpretation. This work has
been done in a number of recent initiatives, e.g. Yu et al. [30], but these measures are
not in widespread use in sleep medicine.

A final common method for sleep and circadian rhythm measurement is actigra-
phy. This is typically in the form of a wrist-worn ‘movement watch’ based on accel-
erometry or other movement capture methods and which can be used to measure
sleep over extended periods in a naturalistic environment including the person’s
home, work, or other settings. Generation of these devices have been widely used in
the past two decades for sleep assessment [31].

The American Academy of Sleep Medicine (AASM) provides a guideline to
establish clinical practice recommendations for using actigraphy in sleep medicine.
The purpose of using actigraphy is not to replace the gold standard of sleep measure-
ment but rather to assist in deriving helpful metrics for sleep disorder assessment and
treatment [32]. Actigraphy devices are typically continuously worn for 24-hours a
day for several days to months. Sleep parameters are extracted from the movement
data via specific sleep detection algorithms [33], and other derivatives such as circa-
dian rhythm parameters and estimates of activity level can also be generated. By
using actigraphy, clinicians are able to obtain unique information about sleep in a
person’s natural or habitual sleep environment. This can be particularly important
when sleep schedules are dictated by work demands (e.g. shift work), circadian
phase shifts (e.g. international travel) or other circumstances where variation over
time is predicted. Although actigraphy has been well studied and has been validated
against PSG in specific populations, there are essential limitations to the concor-
dance between the two approaches. The devices used in research and clinical practice
tend to prioritize reliability, standardization, long battery life, and capacity for re-use
over other considerations that might be more important for consumer-grade devices.

Methods and Tools for Objective and Quantitative Assessment
of Daily Sleep

Consumers now have access to a number of technologies to objectively and quanti-
tatively assess their daily sleep in their home environment. Below we review mobile
applications, wearable devices (smartwatches, rings, headbands), as well as co-
called ‘nearables’ that are near the individual, embedded in the sleep environment
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(e.g. in mattresses). Broadly speaking, mobile applications are more widely avail-
able to many consumers. Wearables and nearables, on the other hand, are more
expensive; yet potentially provide a holistic view of our health and well-being along
metrics such as daily activities, heart rate, and sleep. Wearables typically also con-
tain a wider variety of sensor technology such as Electrocardiogram (ECG),
Electroencephalogram (EEG) and Photoplethysmogram (PPG), which can lead to
more accurate data.

Mobile applications are readily available at the consumer’s fingertips. Consumers
can manually record their sleep via sleep diaries or use mobile-embedded sensors to
track their sleep automatically. Sleep logs and diaries allow consumers to record
their bedtime, number of awakenings, activities before going to sleep and after
awakening. There are two main approaches to keep track of sleep diaries: paper and
electronic sleep diaries. Tonetti et al. [34] suggested that both methods achieved
similar results, whereas electronic sleep diaries provide more benefits over paper
diaries in terms of reducing time for data entry and automatically recording the time
when the diary is logged. Choe et al. [35] emphasized that electronic sleep diaries
are more beneficial to individuals when the diary application is quick to use, engag-
ing, and encourages self-reflection.

Automatic sleep tracking apps require minimal or no data entry. They are easy to
use and inexpensive for self-tracking. However, their accuracy is often neglected,
and their sleep results are often over claimed. Most sleep apps are not clinically vali-
dated against laboratory PSG, the gold standard of sleep tracking, because PSG is
labor intensive, expensive and difficult to access. Sleep Cycle, a popular sleep-
tracking app, monitors a sleep-wake stage through motion or sound sensors, and
provides a summary of sleep quality. Fino et al. [36] showed that the Sleep Cycle
app failed to show adequate reliability when compared against PSG for sleep-wake
detection. Despite the lack of reliability, Sleep Cycle app has continuously been
used widely due to word of mouth (e.g. Editors’ Choice on the Apple App Store in
October, 2020), and its potential benefits. Robbins et al. [37] report the use of Sleep
Cycle to understand sleep duration and quality for four-year trends in general popu-
lation. The results reveal helpful information. However, there is still some concern
about its reliability and validity of sleep outcomes. Similar to Sleep Cycle, Sleep
Time app shows poor correlation with PSG in terms of sleep parameters (e.g., sleep
duration and number of awakenings) and sleep-wake stages [38]. Overall, further
studies are needed to assess applications’ utility and examine how much trust that
we could potentially improve so that we are more confident using it.

Popular smartwatches like the Apple Watch, Samsung Gear and Fitbit become
part of our daily living and are potentially helpful to remind us to do more exercise
or to sleep more. Current studies [39, 40] investigate the accuracy of using the
Apple Watch to determine sleep-wake stages and their results yielded reliable per-
formance compared with a clinical-grade device and PSG. Roomkham’s study sug-
gested that using an Apple Watch to monitor sleep-wake stages could be an add-on
to traditional actigraphy as well as a way to study the broader population. Both
studies have transparent methods to evaluate the reliability of smartwatches, which
increases the confidence in using such devices or adopting their techniques for
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tracking sleep in medicine, research, and self-tracking. There is clear potential for
smartwatches to monitor not only sleep itself but also sleep quality [41].

Smart rings are becoming less intrusive and more attractive for consumers. Smart
rings usually contain similar sensors to smartwatches, such as motion, heart rate,
pulse rate, and body temperature. A recent investigation of healthy adolescents
shows promising sleep outcomes beyond the sleep-wake stage into the whole sleep
cycle [42]. However, the OURA ring used in this study employs a proprietary sleep
algorithm to derive sleep stages, and most studies can only validate the overall sleep
outcomes against PSG.

A variety of headbands exist that track sleep through EEG sensors around the
head. At the time of writing, the Dreem headband is a popular choice amongst con-
sumers and researchers. The Dreem headband is able to measure brain activity
(EEQG), breathing, and movement. The results of heart rate, breathing frequency and
respiratory rate variability are reliable which resulted in providing precision sleep
stages and sleep parameters [43].

Nearables [44] are another type of consumer-grade device. They are placed near
the sleep environment, e.g. under the mattress or on the bedside table. An example
of nearables is the Beddit Sleep tracker, which measures heart rate through ballisto-
cardiography (BCG) derived from pressure sensors under the mattress. Tuominen
et al. [45] reported that the accuracy of the sleep tracking is low and that consumers
should be careful interpreting these results. Similar with other types of consumer-
grade devices, total sleep time was overestimated, and wake after sleep onset under-
estimated. These results were also based on healthy participants only, and the
reliability of such devices for users with obstructive sleep apnea, insomnia, and
other types of sleep disorders is unclear. Another example is the DoppleSleep [46],
a contactless sleep system that is placed next to the bed and uses radar signals to
gather movement, heart rate, and breathing data. It performed well for sleep-wake
classification (~90% recall), and to a lesser extent on sleep staging (~80% recall for
REM vs. Non-REM). The S+ system by ResMed is another nearable, which relies
on ultra-low power radiofrequency waves to monitor the user’s movements and
breathing. Schade et al. [47] evaluated it against PSG and actigraphy and reported
showed good sleep detection accuracy (~93%) and lower wake detection accuracy
(69-73%), as for most devices. It is worth noting that wake detection was better
than actigraphy (at 48%), thanks to a higher accuracy in detecting wake before
sleep onset.

Overall, it is important that convenience does not come at the expense of the
accuracy and usefulness of the information that can be derived from consumer-
grade devices [49]. Recent work from Depner et al. [48] identified important met-
rics for sleep using wearable devices, and circadian metrics that may influence sleep
(such as a level of exercise, which can be captured passively through the wearable
devices). Tables 7.1 and 7.2 capture important metrics that are essential for valida-
tion against the gold standard.

Another crucial consideration is that when the sleep algorithm is provided by the
device manufacturer, it is often a proprietary black box. One consequence is that
data consistency is at the mercy of a software update over which the users often have
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no control. This can be a problem, especially for long-term tracking. The device
may also suddenly disappear from the market. Users, in particular in a research
context, should favor devices that provide access to the raw data and allow the
deployment of open algorithms, and tracking methods that have been validated for
a broad range of users (age, healthy vs. sleep disorders, etc.).

Benefits, Limitations, and Potential Pitfalls

There are many benefits for consumers from having relatively easy access to sleep
data from apps, wearables and nearables. A major benefit is a better awareness of
sleep. People often purchase devices for other purposes, e.g. to track steps, and
sleep data comes as a bonus [50, 51]. Once people have access to sleep data, they
are curious about what the data may tell them about themselves, and whether they
can see any trends. Based on such data, sleep may become more of a priority because
they become more conscious of how much sleep they actually get, as well as how
much sleep they ought to get for a healthy night of sleep. Having an awareness of
sleep and tracking sleep often goes hand in hand with goal setting, e.g. aiming for
at least 7 hours of sleep. Many apps provide virtual rewards for getting enough sleep
that can increase motivation [52]. However, the main challenge here is that (unlike
with the number of steps walked) people cannot voluntarily control how much time
they spend in a particular sleep stage. Another benefit is the ability to explore links
between sleep and other quality of life data, e.g. to identify if you sleep more on
days when you exercise [50]. Exploring such links in the data is particularly useful

Table 7.1 Sleep. What a Wearable Should/Can Measure (Adapted from [48]). Legend: a green
tick (v*) represents metrics a wearable can measure; an orange tilde (~) represents metrics that only
some devices can measure; a red exclamation mark (!) indicates proprietary methods

Sleep . . .
Duration Sleep Quality ! EEG Physiology Respiration
Time in bed v Sleep Onset Sleep Staging v'!  Heart Rate Blood Oxygen
Latency v/ (HR) Levels (SPO2)
Total Sleep Wake After Sleep Sleep Spindles Heart Rate Respiratory rate
Time (TST) Onset (WASO) v Variability (RR) ~ & effort
(Bed time, (HRV)
wake time) ¥
REM Latency v Sleep Wave Blood Nasal Pressure
Activity Pressure
(BP)
Sleep Efficiency v/ Slow Oscillations  Body Air Flow
Position
Periodic Limb Skin Snoring
Movement Conductivity
(GSR)
Apnea

Hypopnea Index
(AHI)
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Table 7.2 Circadian Physiology. What a Wearable Should/Can Measure (Adapted from [48]).
Legend: a green tick (v/) represents metrics a wearable can measure; an orange tilde (~) represents
metrics that only some devices can measure; ared exclamation mark (!) indicates proprietary methods

Behavioural Physiological Environmental (nearables )

Sleep onset time v Heart Rate (HR) v/ 24h light exposure pattern (intensity
and wavelength)

Wake time v Blood Pressure (BP) vV Ambient temperature (also: noise,
humidity, air quality)

Timing of physical activity = Skin Temperature Geographical location

v (Temp)

Timing of energy intake: Core body temperature = EMA/self-assessments of

food, caffeine, alcohol v (CBT) v environmental aspects (bed partner,
kids, pets)

Timing of supplement and  Skin Conductivity
mediation intake (GSR)
EMA/self-assessments of

physical/mental state

aspects (pain, mood, etc.)

for people with sleep disorders and other chronic conditions, who seek to identify
reasons for their sleep problems and other health conditions [53]. Going one step
further, some people benefit from experimenting based on sleep and other quality of
life data. For example, members of the Quantified Self community—a worldwide
community of self-tracking enthusiasts—report self-experiments with sleep. These
include experiments to improve sleep, e.g. by changing their sleep patterns, environ-
mental aspects like reducing the noise and light in their bedroom, or sleep health
strategies such as reducing their caffeine consumption. Conversely, sleep data also
allows for experiments on the impact of sleep on other lifestyle factors, e.g. if they
feel more alert at work and in everyday life [54].

Studies of consumers tracking their own sleep highlight also several challenges
and pitfalls. In collecting and organizing data, consumers face the challenge of
working with potentially inaccurate data, e.g. because accelerometer data alone
cannot reliably determine insights into sleep stages (without EEG data), and accel-
erometer may also inadvertently respond to the movements of partners in the same
bed [55]. Consumer devices that contain EEG sensors potentially provide more
accurate data, but the downside is that they are often uncomfortable to wear and
impede sleep, and as a result are not worn for longer periods of time [56]. Consumers
also report that they lack information on triggers (e.g. why they went to bed late)
and contextual information (e.g. their stress and wellbeing) that may help to explain
sleep data [54]. Even when consumers track such information through other means,
they may not have the skills and tools to confidently relate data from different
devices and sources to establish relationships, cause and effect [50].

The interpretation of sleep data also poses several challenges to consumers.
People often report a lack of time to revisit and interpret data [57]. Sleep data can be
overwhelming or even stressful when the desired outcomes do not materialize [58].
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Particular information about sleep stages can be difficult to interpret, because we do
not consciously experience sleep stages, nor is the relationship between objective
sleep stages and subjective sleep quality clear to consumers [53]. A related chal-
lenge is that sleep data and what might objectively constitute quality sleep (e.g.
more than 8 hours of sleep), may not relate to how consumers experience sleep or
how refreshed they feel when they wake up [56]. There appears to be a disconnect
between the various scientific metrics for quantifying sleep (e.g. sleep efficiency
and sleep stages) and the way people experience and understand their sleep, which
is more aligned with sleep duration and how satisfied or alert they feel as a result
[59]. Unfortunately, this disconnect is not helped by the fact that most consumer
devices are black boxes that conceal how data is collected and processed, which is
partly a result of the complexity of sensor hardware and algorithms used [56], but
partly also a deliberate choice of companies to protect their intellectual prop-
erty [60].

A final challenge for sleep-trackers is that seeing a problem in the data is not the
same as finding an opportunity to change it [61]. If our fitness-tracking device tells
us that we have not achieved our 10,000 steps goal, then we can at least in principle
remedy this by going for an extended walk. On the other hand, if the same device
tells us that we only get 5 hours of sleep or not enough deep sleep, then the oppor-
tunity to change this is less clear [50, 62]. We can change the sleep environment
(e.g. block out light with curtains) and we can also improve our sleep hygiene (e.g.
reduce the consumption of caffeinated products) to increase the chances of getting
more sleep, but we cannot voluntarily control sleep itself [53]. Furthermore, in mak-
ing adjustments to our environment and sleep hygiene we often face external con-
straints, e.g. we may not be able to adjust the start time for school or work to better
suit our own sleep needs, nor do we have control over autonomous conditions like
our mood, stress, and hormone cycle [50].

To help mitigate these challenges, sleep-tracking at home is often conducted in
collaboration with others. Family members, and especially bed partners, can play a
vital role in supporting sleep tracking. Parents and older siblings often need to set
up technology, interpret data, encourage healthy sleep hygiene, manage medical
appointments, etc. [63]. Health professionals continue to play a crucial role to inter-
pret the data, ask questions to reflect on sleep, and to provide advice on what actions
to take [64].

Coming back to our original question, we have shown that personal sleep track-
ing technologies can improve quality of life by increasing awareness of sleep, and
by offering opportunities to explore connections with other quality of life data and
potential sleep problems. However, we have also shown that collecting data, making
sense of it to take action can be difficult and perhaps even overwhelming, because it
requires expertise on sleep and tracking technology. We hope that this chapter will
provide a useful introduction to these issues to get the most out of quantifiable sleep
data. However, we also add a note of caution: quantification is important, but sleep
cannot yet be reduced to a collection of measures. As we have discussed above,
there is a mismatch between scientific sleep metrics and our subjective experience
of sleep. Quantifying sleep also invites people to search for signs of sleep problems,
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instead of promoting good sleep health [59]. No matter how elaborate, measures
will always only provide a partial picture of sleep. A complete picture requires com-
plementary information from subjective assessments, a broad perspective (overall
health, but also inputs and interactions with other Quality of Life indicators), and an
understanding of the varying needs and concerns of different individuals over a
life course.
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Chapter 8
Improving Work Capacity and HRQoL:
The Role of QoL Technologies

Check for
updates

Joan Julia Branin

Introduction

Physical activity is closely linked with health and well-being; however, many
Americans do not engage in regular exercise. Only one in five adults in the US
meets the CDC physical activity guidelines of 150 min of aerobic activity and
2 days of muscle strengthening activity per week [1]. This trend of inactivity
increases with age and can interfere with an individual’s capacity to work. The con-
sequences of these trends are that the average worker can no longer deliver a full
day’s effort in a physically, psychologically, and cognitively demanding job.
Degenerative diseases associated with inactivity and obesity are epidemic. The ben-
efits of physical activity and fitness extend beyond job performance and work
capacity and include longer life and enhanced quality of life. Fit workers are more
productive, are absent fewer days, and have a more positive attitude toward work
and life in general [2].

Physical activity and fitness can be quantified by leveraging the available, afford-
able fitness technology. Fitness technology, including trackers and smartphone
applications (apps), have become increasingly popular for measuring and encourag-
ing physical activity in recent years. Such technology encompasses individual fit-
ness trackers that can stand alone, a fitness tracker paired with a companion app, or
an app that can be downloaded onto a smartphone without the need for an extra
device. The fitness tracker market is currently thriving, with estimates of almost 1.5
billion dollars in revenue last year alone [3] and is expected to increase to a five-
billion-dollar industry by 2019 [4]. A 2013 analysis revealed that there are over
41,000 health and fitness apps currently available to the public via iTunes (e.g., Map
My Walk, Runkeeper, My Fitness Pal) [5] and over half of smartphone users report
having downloaded such an app [6]. Other personalized QoL technologies exist to
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assess and improve physical activity and work capacity such as heart rate monitors,
sleep trackers, and smart scales, to name a few.

These physical activity and fitness trackers and apps are among the increasing
number of Quality of Life Technologies (QoLT) for the assessment or improvement
of an individual’s QoL. QoLT leverage the increasing availability of miniaturized
computing, storage, and communication sensor- and actuator-based, context-rich
technologies that can be embedded within various personal devices, for example,
smartphones and wearables. They rely on hardware technologies (i.e., devices or
physical interaction elements) or software technologies (e.g., apps or web-based
interfaces) or, most likely, a combination of both. QoLT on an increasing scale can
be personalized to satisfy the intended needs of the user anywhere and anytime and
can be used in a continuous and longitudinal yet minimally intrusive way, in the
individual’s daily life [7]. Overall personalized, and miniaturized computing QoL
technologies have the potential to be change agents for an individual’s physical
work capacity and health- related quality of life and significantly impact public
health, research, and policy.

This chapter addresses (1) the factors associated with variations in work capacity
and quality of life; (2) the state-of-art of personalized, miniaturized computing QoL
technologies for measuring and improving individual work capacity; (3) the use of
activity trackers to quantify work capacity; and (4) strategies to enhance use of
Web-based and non-Web-based tools and fitness technology for behavioral change,
health management, and rehabilitation interventions for the self-management of
work capacity and enhancement of health-related quality of life across the lifespan.
This chapter concludes with guidelines for the monitoring and evaluating of digital
health technologies and eHealth interventions and suggestions for future develop-
ment of tools for the assessment and remediation of working capacity. The research
question that guides this literature review is: How does the use of self-management
QoL technologies affect work capacity and reported health-related quality of life?

Definition and Measurement of Work Capacity

According to the WHOQOL theoretical model, working capacity is the facet of
physical health that examines a person’s use of his or her energy for work. “Work™
is defined as any major activity in which the person is engaged. Major activities
might include paid work, unpaid work, voluntary community work, full-time study,
care of children and household duties. This facet focuses on a person’s ability to
perform work, regardless of the type of work [8].

In the past, many research studies on physical activity and work capacity have
relied on self-report instruments. However, such subjective measures of activity can
be highly unreliable, stemming from memory, social acceptability and other biases,
revealing both higher and lower estimates than an objective measurement [9, 10].
Since then, several standardized instruments have been developed to measure work
capacity.
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One of these standardized instruments, The Work Ability Index (WAI), is an
instrument consisting of seven items, which takes into consideration the demands of
work and the worker’s health status and resources and is used to assess the work
ability of workers during health examinations and workplace surveys. The purpose
of the WAI is to help define necessary actions to maintain and promote work ability.
The validity and reliability of the WAI has been assessed in correlation analyses. The
WAL and all its items have been shown to reliably predict work disability, retirement,
and mortality [11]. More recently, the validity of WAT has been studied by Radkiewich
[12] and WAT’s test—retest reliability by de Zwart [13]. The WAI has become the
standard for assessing work capacity in occupational health research and the daily
practice of occupational health care and has been translated into 24 languages.

Another instrument, The Work-ability Support Scale (WSS), is a newer tool
designed to assess vocational ability and support needs following onset of acquired
disability to assist decision-making in vocational rehabilitation. It is designed to be
used both for people who are working, or, as a planning tool for those considering
returning to work. The tool has 16 items across three domains of work functioning:
physical/environment, thinking and communicating, and social/behavioral. Scores
ranges from 1 for constant support to 7 for independence. There are also an additional
seven items related to contextual factors outside the workplace that could affect work
functioning. Its scoring accuracy and rater reliability has been supported [14, 9].

Work capacity can also be assessed through a Functional Capacity Evaluation
(FCE) which evaluates an individual’s capacity to perform work activities related to
his or her participation in employment. The FCE process is a set of tests, practices
and observations highly specific for a type of job for which the individual is being
assessed, as it compares the individual’s health status, and body functions and struc-
tures to the demands of this job and the work environment. It can provide an accu-
rate measurement of an individual’s ability to perform critical work tasks. This can
help to determine an individual’s capability/ability to return to work or their employ-
ability. An FCE is performed on a one-on-one basis and can last up to 4 hours. A
well-designed FCE should consist of a battery of standardized assessments that
offer results in performance-based measures and demonstrates predictive value
about the individual’s return to work. The FCE report includes an overall physical
demand level, a summary of job-specific physical abilities, a summary of perfor-
mance consistency and overall voluntary effort, job match information, adaptations
to enhance performance, and treatment recommendations, if requested [15].

Two self-reports have been utilized to assess the physical aspects of work capac-
ity in cross-cultural settings. One instrument, The International Physical Activity
Questionnaire- Long (IPAQ-L) is a 27-item questionnaire for use by either tele-
phone or self-administered methods that can be used to obtain internationally com-
parable data on health-related physical activity in theses domains (domestic
physical activity (PA), occupational PA, leisure-time PA, active transportation and
sitting time) and intensities of PA (vigorous, moderate, and walking). The instru-
ment has undergone extensive reliability and validity testing across 12 countries (14
sites). IPAQ has high reliability and moderate criteria validity in comparison with
accelerometers. Good test-retest reliability for total PA, occupational PA, active
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transportation, and vigorous intensity activities was shown. The results suggest that
these measures have acceptable measurement properties for use in many settings
and in different languages and are suitable for national population-based prevalence
studies of participation in physical activity [16, 17].

Another instrument, The Global Physical Activity Questionnaire (GPAQ) is a
16-item test developed by WHO as an improvement of the International Physical
Activity Questionnaire (IPAQ) for use in cross-cultural settings. It collects informa-
tion on physical activity participation in three settings or domains (activity at work,
travel to and from places, and recreational activities) and sedentary behavior. It
assesses work-related abilities such as able to “perform work involve vigorous-
intensity activity that causes large increases in breathing or heart rate like [carrying
or lifting heavy loads, digging or construction work] for at least 10 minutes continu-
ously” and “time spent walking or bicycling for travel on a typical day.” Studies
have shown fair-to-moderate validity of the GPAQ in a self-administered format in
German, French, and Italian [18].

A few questionnaires have been designed for wide-scale, population-based sur-
veillance of occupational physical activity (PA) behaviors. The Occupational
Physical Activity Questionnaire (OPAQ) is a seven-item survey that identifies the
average time per week spent in occupational tasks, e.g., sitting or standing, walking,
and heavy labor activities. The modifications made when designing OPAQ improved
its reliability for persons with stable work patterns, but at the expense of poorer reli-
ability for persons with more variable PA. OPAQ did not have superior validity to
IPAQ. OPAQ showed moderate to high 2-week test—retest reliability and moderate
criterion validity when compared with detailed occupational PA records. The valid-
ity of the OPAQ is similar to other established occupational PA questionnaires [19].

In addition, certain occupations have developed work capacity tests to assess the
specific demands of their required work. An example, The Work Capacity Test
(WCT), is a family of tests to determine firefighters’ physical capabilities to per-
form the duties of wildland firefighting and to meet National Wildfire Coordinating
Group (NWCG) standards for wildland firefighters. There are three levels of tests
known as the “pack test” (arduous), “field test” (moderate), and “walk test” (light).
The Arduous Pack Test is intentionally stressful as it tests the capacity of muscular
strength and aerobic endurance of firefighters. Considerable effort has been spent on
validating the test to the work demands of US wildland firefighters, for whom the
test displays content validity; however, work is still needed to verify its reliability
and criterion and construct validity [20].

Research Studies on Variations in Work Capacity and QoL

Studies have documented greater exercise and physical work capacity among peo-
ple who are active compared with sedentary individuals [21, 22]. Individuals with
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self-rated good health are more likely to be employed [21]. Participants who had the
capacity to work graded themselves as having both better health and HRQoL than
those with a non-capacity to work [21].

Physical activity in older adults not only improves their physical work capacity
but also reduces the risk of chronic diseases, such as cardiovascular disease, stroke,
obesity, and hypertension; improves cognitive and mental health; lowers the chance
of falls; and helps maintain a longer independent life. While a great deal of variation
exists, significant declines in physical work capacity have been reported between
the ages of 40 and 60 years due to decreases in aerobic and musculoskeletal capac-
ity. These physical declines can lead to increases in work- related injuries and ill-
ness. Differences in habitual physical activity, among other factors, greatly
influences the variability seen in individual physical work capacity and its compo-
nents [23].

Chronic diseases have an enormous impact on the ability to work. Being able to
work is particularly important for the quality of life of people with chronic diseases
[24]. Among individuals diagnosed with chronic conditions such as multiple sclero-
sis (MS), a majority suffer with fatigue, which strongly influences their everyday
life. Flensner [25] found that individuals with MS who had the capacity to work
reported significantly less fatigue compared to those with no capacity to work.
Additionally, the level of work capacity was significantly higher among those par-
ticipants who were less sensitive to heat, while those who were sensitive to heat
showed significantly more often a non-capacity to work. This study lends support to
some existing evidence of the beneficial impact of good health on work ability in
patients with MS.

The relationship between physical and functional capacity and quality of life
among elderly people who have a chronic disease was demonstrated in a study by
Oztiirk. Oztiirk [26]. found that there are differences among elderly female and
male individuals with a chronic disease in terms of the number of chronic diseases,
types of chronic disease, mobility level, functional status, and QoL. One difference,
mobility level, is related to functional capacity and QoL particularly in females; the
higher the mobility level, the higher the QoL in females Rehabilitation programs to
improve physical and functional capability and participation in daily activities may
improve quality of life.

Participation in regular physical activity has been associated with better cardio-
metabolic indices [27], skeletal health [28], and cognitive and academic perfor-
mance [29] in young people aged 7—18 years. Conversely, doing little or no physical
activity in youth has been related to poor health outcomes and decreased quality of
life in adulthood resulting in extended medical care and associated costs [30]. One
study showed that the cost of MS in Sweden is about €600 million a year, one third
of which are indirect costs associated with loss of production [31].

Reduced capacity to work is a major cause of high medical care costs and per-
sonal care costs in the later stages of a disease [30].
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The State-of-Art of Personalized Computing QoL
Technologies for Measuring Physical Activity

Types of Wearable Activity Trackers and Other Devices

In the past, many research studies on physical activity and work capacity have relied
on self- report and self-report instruments to assess exercise behavior and capacity.
However, such subjective measures of activity can be highly unreliable, revealing
both higher and lower estimates than an objective measurement. People may over-
estimate activity intensity or time spent to present a favorable impression. Self-
reports often focus on discrete activities such as going for a run or working out at a
gym. Objective measurement of physical activity can record activity that may be
missed in a questionnaire or self-report. This may be especially relevant for older
adults who are less likely to go to a gym on a regular basis [32]. Thus, there is an
increased interest in using objective activity monitors and other available, afford-
able QoL technologies to quantify physical activity and work capacity.

Activity trackers refer to sensor-based personalized wearable devices that auto-
matically track and monitor various indicators of physical activity, such as steps
taken, stairs climbed, duration and quality of sleep, pulse or heart rate, and self-
reported calories burned. Newer devices feature an electrodermal activity (EDA)
sensor to help measure your stress level, an ECG sensor to assess your heart rhythm,
an SpO2 sensor to measure the amount of oxygen in your blood, and a skin tempera-
ture sensor. Some include built-in GPS. Activity trackers synchronize this data with
users’ personal accounts, ensuring easy access from any device by the user. Activity
trackers provide relatively unbiased data about basic physical activities and have the
advantage of boosting physical activity through the integration of empirically tested
behavioral change techniques such as goal setting, self-monitoring, social support,
social comparison, feedback, and rewards [33], in contrast to antecedent technolo-
gies, such as pedometers. Self-monitoring and goal setting using activity trackers
have been especially effective in promoting self-efficacy and physical activity in
interventions to improve capacity for work [28]. Studies have shown that physical
activity and fitness is increased using wearable activity trackers [21, 23].

Good fitness level may increase the physical capacity for work as well as enable
one to operationalize the factors important for self-reported work capacity. For
example, wearable activity trackers data may enable one to quantify the answer for
the WAL factor of “work ability in relation to the demands of the job” or “estimated
work impairment due to diseases.” As for the WSS scale, fitness trackers may enable
one to quantify the “physical and motor” or “mobility and access”, “community
mobility” and even “stamina and pacing” factors. Also, activity trackers may be
useful in quantifying physical capabilities and capacity for certain work functions.

Fitness Trackers Fitness trackers are at the heart of the fitness technology move-
ment and have broad appeal. Their main appeal is that they create a snapshot of an
individual’s physical fitness, which can empower individuals to make healthy
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changes that impact their ability to engage in everyday work and nonwork activities.
According to 2020 PCMag [33], a few examples of trackers that do a little of every-
thing are the Fitbit Inspire HR and Fitbit Charge 3. Easy-to-use and easy-to-read
collected data, they are both excellent options for first-time users. If an individual is
more interested in having a full-fledged smartwatch that includes fitness tracking,
then the AppleWatch Series 5 (which does a bit of everything except measure sleep)
or Samsung Galaxy Fit are the best options. With a smartwatch, an individual gets
apps and a lot more functionality, such as the ability to send text messages from
one’s watch. One major disadvantage is battery life. The best fitness trackers can
last a week or more, but smartwatches usually need to be charged once a day. For
runners, cyclists, and anyone else who is already invested in fitness and monitoring
peak work capacity, the best option is a runner’s watch that doubles as an all-day
fitness tracker such as the Forerunner 45.

Heart Rate Monitors (HRM) HRMs read an individual’s pulse while working out
or active and are usually either chest straps or watch-style devices. They are not
meant for monitoring heart rate 24/7 for medical purposes; for that, one needs an
HRM that is FDA- approved or the equivalent in another country. Polar’s heart rate
monitors, including the Polar OHI, have excellent tools for finding heart rate zones
as well as explaining the activity’s benefits for the heart and body. Some fitness
trackers or running watches have a heart rate sensor built in and allow one to see
their heart rate in real time. Some such as JBL’s Reflect Fit are headphones, which
take the pulse from the ear. HRMs may enable better quantification of stamina and
pacing contributing to increased work capacity (WSS).

Smartphone Fitness Apps Smartphone fitness and exercise apps provide users
with data to quantify physical activities such as their “physical and motor” capacity
and “stamina and pacing” with the additional advantage of immediate data aggrega-
tion and analysis. Users can then modify their behaviors or work activities accord-
ingly. Additionally, dedicated smartphone- based apps may enable one to quantify
the “sensory and perceptual skills” (WSS) required by the job.

For free workouts, The Johnson & Johnson Official 7-Minute Workout app has a
variety of workouts for people of all fitness levels and of different lengths which are
great for people who are just getting started with exercise and for frequent travelers
to use in their hotel room.

Run-tracking apps, such as Runkeeper and Strava, use the phone (or a compati-
ble watch or fitness tracker) to record a runner’s pace, distance, mileage, and more.
Apps such as MapMyFitness can track non-sport activities—for instance, shoveling
snow, raking leaves, or walking briskly. MyFitnessPal app is one of the best apps for
logging the foods one eats to count calories and get a nutritional breakdown. Weight
Watchers and Noom include access to coaches through their apps as well as com-
munity aspects so the user will not be alone on your fitness journey. If one wants
hardcore training by an MMA champion, Touchfit: GSP gives an individual a series
of progressively harder videos by fighter George St-Pierre. Jillian.
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Michaels has a similar app with video-based workouts and a diet plan. Then
there are apps and sites that specialize in one type of class, such as ballet, barre, and
yoga or where you get a personal trainer to work with you on a personal fitness plan.
Additionally, these dedicated smartphone-based apps resources may assist in quan-
tifying “work ability”” (WAI) and “sensory and perceptual skills” (WSS) required by
the job.

Sleep Trackers Sleep may influence one’s stamina, pacing and physical capacity
to work and thus is an important variable to assess. Sleep trackers can track the
user’s sleep so that an individual can learn more about his/her sleep patterns. Most
fitness trackers now include sleep tracking. There are also smart mattresses with
tracking technology built in. The most advanced, such as the Sleep Number 36
makes adjustments during the night that are tailored to the user. Or one could con-
sider a smart pillow that plays white noise and detects snoring, such as the REM- Fit
Zeeq Smart Pillow.

Other Devices There are other aspects of daily life and its relation to potential
work capacity that are worth tracking and operationalizing. Smart water-bottles
track your water consumption and remind an individual to drink to minimize dehy-
dration. Smart clothing gives feedback to runners about their form in real time,
commenting on heel strikes, cadence, etc.

Some fitness enthusiasts believe that the secret to maximizing their fitness poten-
tial is in their blood. A service called InsideTracker will send a phlebotomist to
one’s home or office to collect a blood sample and send it to a lab. There is even a
wearable DNAband that helps an individual choose groceries based on their DNA,
but it is now only available in the UK.

Evidence for the Use and Effectiveness of Activity Trackers

Academic and industry research has shown that the use of activity trackers can
increase physical activity through continuous monitoring of activity progress, moti-
vational messages, social support, and many other empirically tested behavioral
change techniques [34-36]. That, in turn, may influence the work capacity [2, 26].
Wearable activity trackers have been shown to be effective in measuring and
increasing the types of physical activity (e.g., steps, distance, calories expended,
heart rate) that lead to increase work capacity. Adults who started using wearable
activity trackers have been shown to increase daily activity levels [21]. A 7-month
study of 18 participants (aged 36 to 73 years) who were given a wearable tracker
found that 16 participants continued to use it after 7 months. The benefits of use
included weight loss, social connection, and increased activity awareness [37].
Participants aged 60 years and older who were given a tracker reduced waist
circumference and increased step count during another 12-week study [35]. African
American and Hispanic older female participants, who tested a newly developed
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tracking device in a 7-week study, increased their physical activity level, lost weight,
and lowered blood pressure levels [21]. Activity trackers have been found to be
more effective than their predecessors, where sedentary female older adults who
used digital trackers significantly increased their physical activity compared with
those who used pedometers [21]. A tracker that delivered prompts via a short mes-
sage service has also been found effective in increasing moderate-to-vigorous phys-
ical activity among overweight and obese adults [38].

Activity trackers facilitate physical activity in both young and older adults and
are particularly beneficial for older adults because of the protective power of physi-
cal activity against diseases associated with older ages [36]. Despite the evident
benefits of activity trackers for older generations, digital care today is more avail-
able to younger populations, leaving older adults on the periphery of the industry
[39]. As little as 7% of older adults owned an activity tracker in 2014 [40]. Although
many adults are now aware of this technology and its increased popularity, this
population still shows slow rates of adoption that depend on many factors, including
activity tracker trial and price [41]. Almost 84% of older adults aged 65 years and
older do not meet the aerobic and muscle-strengthening physical activity require-
ments [42], which makes activity trackers a particularly relevant technology for this
age group. Physical activity recommendations for older adults tend to focus on
moderate-intensity aerobic and muscle-strengthening activities such as walking,
jogging, bicycle riding, yard work, and gardening [43]. Some of these activities are
tracked by wearable technology.

Activity trackers have the advantage of boosting physical activity through the
integration of empirically te