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Abstract

Chronic diseases represent a significant share of the burden of disease globally. They
are responsible for 86% of premature deaths in Europe. Unhealthy behaviours, such
as physical inactivity, insufficient sleep, poor nutrition, and tobacco intake, explain
up to 50% of chronic disease risk. However, the evidence is not precise enough to
assess the risk for each disease. Human subject studies monitoring behaviours over
long periods (longitudinally) during daily life (in situ) by leveraging unobtrusive
(observational) technology can allow human behaviours to unfold. They can not
only qualify, but also quantify the relationships between behaviours, health, and
Quality of Life (QoL) outcomes from compliant participants.

This PhD thesis explores two research areas. In the first area, we research the
motivation and facilitation of participation in human subject studies. We propose a
presentational model using personalised stories to improve human studies’ participa-
tion. We design two unifying frameworks for conducting a wide range of human
subject studies (mQoL mobile app, mQoL-Chat chatbot). They leverage two modules
designed and developed by the author in mQoL-Lab, the lab platform of the Quality
of Life Technologies lab.

In the second area, we research the relationships between behavioural, health, and
QoL outcomes (co-calibration). We present the coQoL computational model for
co-calibration. We demonstrate its feasibility in a study on N = 42 healthy older
individuals (a population at risk, appropriate for disease prevention, and having
benefitted from insufficient co-calibrations). They answered questionnaires on eight
physical and psychological validated scales (physical activity: IPAQ, social support:
MSPSS, anxiety and depression: GADS, nutrition: PREDIMED and SelfMNA, mem-
ory: MFE, sleep: PSQI, and health-related QoL: EQ-5D-3L). They wore consumer
wearables (Fitbit Charge 2) for up to two years. The wearables reported behavioural
markers (physical activity, sleep, heart rate) in situ. We observed new relationships
between these outcomes. We described the study’s human factors and data quality.

The scientific contributions in both research areas can inform the design of future
studies leveraging consumer technology that monitors behaviours longitudinally in
situ to assess and improve health and QoL.






Résumé

Kroniske sygdomme udger en betydelig del af sygdomsbyrden globalt. De er ansvar
lige for 86% af de tidlige dgdsfald i Europa. Usunde vaner, sasom fysisk inaktivitet,
utilstreekkelig spvn, dérlig erneering og tobaksindtagelse, er skyld i op til 50% af
risikoen for kronisk sygdom. Men beviserne er ikke pracise nok til at vurdere
risikoen for hver sygdom. Undersggelser, der overvigner adfeerd over laengere
perioder (langsgédende) i dagligdagen (in situ) ved at udnytte diskret (observationel)
teknologi, kan lade individets adfeerd udfolde sig. De kan ikke kun kvalificere,
men ogsa kvantificere forholdet mellem adfeerd, sundhed og livskvalitet (QoL) fra
deltagere, der overholder reglerne.

Denne ph.d.-athandling undersgger to forskningsomrader. Padet forste omrade
forsker vi i motivationen og faciliteringen af deltagelse i undersggelser. Vi foreslar en
presentationsmodel, der bruger personliggjorte historier for at forbedre deltagelse i
undersggelser. Vi designer to forendende ramervarker for at gennemfgre en lang
reekke undersggelser (mQoL-mobil app, mQoL-Chat chatbot). De udnytter moduler
designet og udviklet af forfatteren i mQoL-Lab, labplatformen af Quality of Life
Technologies Lab.

Padet andet omrade forsker vi forholdet mellem adfeerdsmaessige, sundhedsmassige
og QoL-resultater (co-kalibrering). Vi praesenterer coQoL beregningsmodel for co-
kalibrering. Vi demonstrerer coQoLs gennemfgrlighed i en undersggelse af N = 42
raske aldre individer (de er en risikogruppe, der passer til sygdomsforebyggelse, og
som ikke har haft fordel af nok co-kalibrering). De svarede paspgrgeskemaer, der
havde otte fysiske og psykologiske valideringsskalaer (fysisk aktivitet: IPAQ, social
stgtte: MSPSS, angst og depression: GADS, ernezring: PREDIMED og SelfMNA,
hukommelse: MFE, sgvn: PSQI og sundhedsrelateret QoL: EQ-5D-3L). De havde
brugt armbéndsure (Fitbit Charge 2) i op til to &r. De armbandsurene reporterede
adfeerdsmarkgrer (fysisk aktivitet, sgvn, hjerterytme) in situ. Vi observerede nye
forhold mellem disse resultater. Vi beskrev undersggelsens menneskelige faktorer og
datakvalitet.

De videnskabelige bidrag i begge forskningsomrader kan bruges til at designe
fremtidige undersggelser, der udnytter forbrugerteknologi, som overvager adferd
langsgdende og in situ for at vurdere og forbedre sundheden og QoL.
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Introduction

Chronic diseases represent a significant share of the burden of disease globally
[1]. They are responsible for 86% of premature deaths in Europe [2]. Unhealthy
behaviours, such as physical inactivity, insufficient sleep, poor nutrition, and tobacco
intake, explain up to 50% of chronic disease risk [3]. For example, "there is over-
whelming evidence that proves the notion that reductions in daily physical activity are
a primary cause of chronic diseases" [4]. While the evidence is "strong enough to
cover all health outcomes", it is "currently insufficiently precise to warrant separate
guidelines for each specific disease" [5]. Regarding health, researchers assess the
risk of cardiovascular disease, the most prevalent chronic disease and the primary
cause of mortality worldwide [1], in cohorts followed over the years to tens of years
(longitudinal) by using qualitative methods [6]. Studies monitoring behaviours
longitudinally in the context of daily life (in situ) by leveraging unobtrusive (obser-
vational) technology can qualify and quantify the impact of behaviours on health
and Quality of Life (QoL). We denote them as human subject studies.

Research Area 1: Motivation and Facilitation of Human
Subject Study Participation

Numerous factors challenge the motivation to participate in human subject studies
even before assessing behaviours. However, researchers focused more on partici-
pants’ eligibility criteria than motivation to participate. They traditionally identified
the motivation factors by surveying the individuals on their motivation to partici-
pate or reported as limitations retrospectively. Participant attrition occurred after
only days to weeks, allowing only momentary assessments. Furthermore, the re-
sponses may have suffered from the inherent biases of self-reporting [7, 8]. Instead,
participation can be motivated, assessed, and reported prospectively in situ and
longitudinally by using mobile and wearable technologies, from the moment of
enrollment, throughout the study, and up to the study’s abandonment or completion
(whichever occurs first).

The motivation and facilitation of human subject study participation is the first
area explored in this thesis. We reviewed the factors, challenges, and opportunities



to participate in human subject studies and, in some instances, longitudinal studies
or health studies. We produced a presentational model that uses personalised sto-
ries to motivate participation. We designed two unifying frameworks to facilitate
participation: the mQoL mobile app design (2018) and the mQoL-Chat chatbot
design (2019). Finally, we designed and developed modules in the Mobile Quality
of Life platform (mQoL-Lab) used for human subject studies in the Quality of Life
Technologies Lab (QoL Lab).

Research Area 2: Co-Calibration of Behavioural, Health, and
Quality of Life Outcomes

Once individuals participate in research, a study can assess behaviours, health, and
QoL, by using a combination of reported outcomes: patient-reported (PRO, [9]),
performance-reported (PerfRO, [9]) technology-reported (TechRO, [9]), and in
fewer instances other types.

PROs refer to questionnaires with validated scales that assess individual outcomes
momentarily or for a given recall period (e.g., two weeks). PerfROs refer to physical
or mental exercises/tests/protocols that assess momentary states and performance
(maximum capacity) of the individual (e.g., the six-minute walk test [10]). PROs
and TechROs are currently the scientific gold standard in assessing behaviours and
health. However, PROs and PerfROs are inconvenient (implying participant deliberate
effort) and infrequent (usually, coinciding with doctor visits). Furthermore, PROs
are recalled (selected by participant memory), socially conditioned (participants may
give socially acceptable answers to avoid judgement), subjective (perceived instead
of actual), and ultimately qualitative [11].

Meanwhile, TechROs provided by emerging and increasingly accurate wearables
are frequent (down to the millisecond), consistent (collected immediately and per-
sisted for future use, yet subject to removal), non-judgemental (not prone to socially
acceptable answers), objective (actual, yet subject to measurement accuracy), and
quantitative [11]. We call such TechROs digital biomarkers [12] (or digital be-
havioural markers [13]). Digital biomarkers can estimate behaviours with enough
accuracy to be leveraged in human subject studies, e.g., physical activity (e.g., energy
expenditure, steps, distance, elevation), sleep (e.g., duration), body temperature,
respiration rate, heart rate, perspiration (e.g., galvanic skin response).

In Europe, chronic diseases affect over 80% of adults over 65 and incur 70% of
the increasing healthcare costs [14]. The importance of the long-term assessment

Chapter 1 Introduction



of behaviours to quantify health and risk of disease in the future is increasing as
the world population is ageing [15], and age dramatically contributes to the risk of
multiple diseases [1] in itself. Therefore, the healthy old (seniors) are a population
both inherently at risk and appropriate for primary disease prevention. However,
little research focused on the unobtrusive quantification of the relationships (co-
calibration) between in situ longitudinal behaviours, health, and QoL.

Prior work in the co-calibration of PROs with TechRO focused on specific PROs
suitable for the study aim; some PROs are disease-specific, which also relate to
the study’s user groups (e.g., students, adults with a given condition). As for the
TechROs, we observed few research wearables (validated, expensive, and bulky
lab-grade devices, used for a limited time — usually, under one month — due to
the user burden and discomfort of wearing them), and several consumer wearables
(e.g., Fitbit, Withings, Apple Watch, mostly worn as fitness bracelets).

Given state of the art on co-calibration, the second research area explored in this
thesis is the co-calibration of behavioural, health, and QoL outcomes in healthy
seniors using momentary PROs from questionnaires with validated scales, and longi-
tudinal TechROs from consumer wearables. We produced the coQoL computational
model for the co-calibration of PROs and TechROs. We applied coQoL in an obser-
vational, longitudinal, and in situ human subject study on seniors that collected
empirical data on physical and psychological PROs, and digital biomarker TechROs.
We first assessed the data quality. Then, we reported PRO-TechRO patterns of
relationships by using coQoL.

We also included in the thesis four modules designed and developed during this PhD.
Two modules (questionnaire data collection and consumer wearable data collection)
are additions to the mQoL-Lab and serve as the tools providing the PROs and
TechROs in the study applying coQoL.

Thesis Structure

The thesis is organised as follows. The first part is the introduction (Part 1). The
second part presents research on the motivation and facilitation of human subject study
participation (Chapter 2). The third part describes research on the co-calibration
of behavioural, health, and QoL outcomes (Chapter 3). The fourth part summarises
the design and development of the mQoL-Lab platform (Chapter 4). The fifth part
concludes the thesis and provides areas of future work (Part 5).
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2.1

Motivation and Facilitation of
Human Subject Study
Participation

Background

Human subject studies are essential because repeated and harmful daily life be-
haviours may lead to disease in the long term [3]. The research on the motivation
and facilitation of human subject study participation had the following objectives:

1. Review the literature on the factors, opportunities, and challenges of participa-
tion in human subject studies.

2. Propose model and framework designs that can improve human subject study
participation by leveraging mobile and wearable technologies.

3. Extend the mQoL-Lab platform with tools that facilitate or support human
subject study participation.

The research consisted of activities in two areas: the motivation and the facilitation of
human subject study participation. In the area of motivation to participate in human
subject studies, we assessed the willingness and motivation factors to participate
in health studies and the challenges and opportunities of conducting longitudinal
studies. We proposed a presentational model to improve the motivation to participate
in health studies. Furthermore, we organised an international scientific workshop on
longitudinal data collection in human subject studies, where we gathered a group of
scientific experts to discuss experiences in this area.

Publications 1, 2, and 5 were part of the H2020 Wellbeing and Health Virtual Coach
(WellCo, No. 769765, [16, 17]) research project. WellCo aimed to provide a novel
ICT-based platform for wellbeing and health-oriented virtual coach for behaviour
change. The publications used different designs; Publication 1 presented the mQoL-
Chat chatbot design, while Publications 2 and 5 proposed the mQoL mobile app
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10

design. Both artefacts were candidates for a study to co-calibrate PROs and TechROs
collected as part of the WellCo project (Chapter 3 describes the co-calibration).

Publication 3 presents the Workshop on Longitudinal Data Collection in Human
Health Studies (LDC 2019 [18]) organised by the QoL Lab and collaborators at
the International Joint Conference on Pervasive and Ubiquitous Computing (ACM
UbiComp 2019, [19]). We organised the workshop "to bring together researchers
involved in longitudinal studies to foster an insightful exchange of ideas, experiences,
and discoveries, and discuss designs that may improve future studies’ reliability, validity,
and perceived meaning" [20].

In the area of facilitation, we researched and developed the mQoL-Lab, a living
lab platform embracing the factors for participation in human subject studies, and
enabling to conduct the studies themselves.

Publication 4 describes the mQoL-Lab platform and living lab studies (from 2010 to
2020) leveraging mQoL-Lab. The motivation factors to participate in human subject
studies informed the mQoL-Lab platform and its studies. In the publication, we
shared the acquired experience from over ten studies conducted on the mQolL-Lab
platform via "requirements, architecture, design, step-by-step support, configuration
notes, and recommendations for researchers to construct a software platform supporting
human subject studies" [21].

Methods

In Publication 1, we conducted a scoping literature review on the willingness and
motivation to participate in human health studies from two perspectives: populations
(healthy and diseased) and object of data sharing (electronic health records and wear-
able health data). We then proposed a presentational model based on personalised
stories to improve retention and engagement in health study participants. Instead of
only presenting the participants with the necessary steps in the study (i.e., a uniform
experience across participants), the stories and moments motivate and incorporate
them based on the their state (personalised experience). We provided three vignettes
to compare the uniform and personalised experiences in the mQoL-Chat chatbot
design for three personas [22]. We argued how mQoL-Chat could be a framework of
choice for conducting health studies. Then, we discussed the advantages, challenges,
and future avenues for research.

Chapter 2 Motivation and Facilitation of Human Subject Study Participation
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In Publication 2, we conducted a scoping literature review on longitudinal health
studies the challenges and opportunities to assess individuals’ QoL, informed by
behaviours and health state measured in situ. We reviewed the opportunities and
challenges from the perspectives of motivation to participate (leading to potentially
high-quality and longitudinal data) and the study’s length (expected to be positively
affected by a high motivation). The paper then proposed the mQoL mobile app
design as a literature review-informed unifying framework to conduct longitudinal
studies addressing the challenges and leveraging the opportunities for participants
and researchers. The same body of literature informed Publication 5.

In Publication 3, we described the longitudinal data collection workshop. The work-
shop paper reviewed the human and technical factors of participation in longitudinal
studies and highlighted the challenges and opportunities in collecting longitudinal
data. Then, it described the workshop objectives, contributions, and practicalities.
Following the call for paper, we conducted two iterations of single-blind peer review
for the submitted papers. Between the iterations, the authors revised the papers
before the acceptance or rejection.

In Publication 4, we conducted a scoping literature review of the mobile sensing
tools leveraged for human subject studies in situ. From the literature review and the
challenges and opportunities encountered during over ten studies conducted on the
mQoL-Lab platform, we derived and motivated requirements, the conceptual model,
architectural design, and study design considerations of the mQoL-Lab platform.
Then, the publication described in depth the technical implementation choices and
critical learnings from the operationalisation of mQoL-Lab in the QoL Lab.

Results

Figure 2.1 overviews the relationships between the publications in this area and
keywords describing the outcomes, models, and operationalisation of the proposed
models and unifying framework. Appendix B.1 overviews all publications in this
thesis. We derived groups defined as sets of two or more publications associated
with the same set of keywords. Three groups emerged for this research area:

* Group 1: Publications reviewing the literature on the challenges and opportu-
nities in conducting human subject studies (Publications 1, 2, 3).

e Group 2: Publications proposing designs that leverage the mQoL-Lab (Publi-
cations 1, 2, 4, 5).

2.3 Results
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* Group 3: Publications referring to a mobile app’s design for conducting human
subject studies leveraging and extending mQoL-Lab (Publications 2, 5).

Publication 1
HealthMedia @ Multimedia 2019 Outcome
Group 1 e
Challenges and Opportunities Participation
Challenges
Publication 2 Motivation Factors
MHC @ UbiComp 2018 Opportunities
Model
bl . Personalized Stories
Publication 3 Group 2
LDC @ UbiComp 2019 Designs Leveraging mQoL-Lab
Operationalization
) \"— Setting
T Community
. . In-Situ
Publication 4
MobiSPC 2020 Platform
mQol-Lab
Group 3
Designs of a Mobile App Artefact
Chatbot
Publication 5 Mobile App
DH 2018

Fig. 2.1.: Publications (left), groups of publications (centre), and keywords (right) for the
research on the motivation and facilitation of human subject study participation.

In Publication 1, we reviewed the willingness factors to share electronic health
records and wearable health data, and the motivation factors to participate in health
studies for healthy and diseased populations. The literature review found that
participants are generally more willing to share their data with their primary health
care providers than external entities. However, while they favour sharing their
complete data with their primary care providers, they agree to share parts of their
data with researchers, given a purpose and control of the data sharing. Altruistic
motivation and personal non-financial benefits (qualitatively) overshadowed health
gains and financial incentives. Participants are motivated by helping others and
then, over time, by their benefits from the studies. Overall, the following four
(qualitative) groups of motivation factors emerged from the literature review: helping
others (e.g., family, friends, acquaintances, society), personal benefits (e.g., health,
information, rewards, social), study topic (organ, process, behaviour, focus on QoL
facets), and study design and operationalisation (e.g., delivery, effort, device, data).
The paper then illustrated participation scenarios: uniform for all participants

Chapter 2 Motivation and Facilitation of Human Subject Study Participation



and then personalised based on three personas’ motivation factors as depicted in

Figure 2.2 in mQoL-Chat as illustrated by Figure 2.3.

0 Would you help research by answering 7
questions about your physical activity?

Yes No

0 We are interested in finding out about the kinds
of physical activities that people do as part of
their everyday lives.

dditional clarification sages from t

During the last 7 days, on how many days did
you do vigorous physical activities like heavy
lifting, digging, aerobics, or fast bicycling?

None 1 2 8 4 5| 6 7

@ During the last 7 days, how much time did you
spend sitting on a week day? Write in the format
hours:minutes.

0 This is the end of the questionnaire, thank you
for participating.

@

Y
@

In this study, you help research help people like
Edna and future generations prevent Diabetes.

Physical activity now helps us understand how
Diabetes onsets later in life. See how.

This study will only collect de-identified,
summary information from your participation:

Your wearable and you — identity, wearable, and
answer data — summarization and removal of
identification — summary of data without your
identity — study. See how in detail.

Would you help research by answering 7
questions about your physical activity?

Yes No

We are interested in finding out about

This is the end of the questionnaire, thank you
for participating.

Your wearable data and answers are being
de-identified, summarized, and then sent.

Also, congratulations! Your physical activity for
the past three weeks meets the World Health
(o] izatil ideli Read more.

You and other 91 people in San Jose (237
people in California, 13981 people in United
States) contribute anonymously to help prevent
Diabetes in this study! Thank you! . ,

(a) Uniform story. While concise, this interaction (b) Personalised story for Alice, a person with dia-

does not personalise participation.

betes risk in her family [23].

Fig. 2.2.: Uniform story for all participants vs personalised stories for the Alice, Bob, and
Charlie personas. The pale green line on the left side indicates a PRO’s adminis-
tration, characterised by little flexibility in the presented information. While less
concise, the last three interactions personalise the participation with contextual
moments (green). Extracted from Publication 1.

2.3 Results
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0 In this study, people with Fitbit One wearables
help research prevent Diabetes.

Physical activity now helps us understand how

Diabetes onsets later in life. See how.
@ In this study, young people with wearables help

It collects the calories, steps, distances, lstieeliei reuent e e,

durations, workouts, and recognized activities
from Fitbit. See how specifically. Physical activity now helps us understand how
Diabetes onsets later in life. See how.

Would you help research by answering 7

questions about your physical activity? Your answers are de-identified, but your
participation is rewarded! Answering each
Ve No question below gives 1 reward. Answering all

questions gives 3 extra rewards.

@ Would you help research by answering 7
n o ta questions about your physical activity?
Yes No
Yes Q'

This is the end of the questionnaire, thank you L i) ie

for participating.
0 Your Fitbit One wearable is accurate or you say This is the end of the questionnaire, thank you

the truth. The difference between the wearable for participating.

data and your answers is less than one hour!

The average difference for the other 81 Fitbit

One owners in this study is 1h 7'!

You have gained 10 rewards for completing the
questionnaire. The rewards are available in your

ol . -
Also, congratulations! Your physical activity for account. Use them to convert to money there!

the past seven weeks meets the World Health
(o] izatil ideli Read more.

Also, other 11 people with the same age and
location joined this study! Would you like to get

You and other 61 people in Austin (92 people in i e SR ) S s

Texas, 13981 people in United States)
contribute anonymously to help prevent o
Diabetes in this study! Thank you! , , Thank you for participating! .

(c) Personalised story for Bob, a Quantified Self (d) Personalised story for Charlie, a student par-
tracker [24] experimenting with wearables. ticipating in studies for financial purposes.

Fig. 2.2.: Uniform story for all participants vs personalised stories for the Alice, Bob, and
Charlie personas (continued). The pale green line on the left side indicates a PRO’s
administration, characterised by little flexibility in the presented information.
While less concise, the last three interactions personalise the participation with
contextual moments (green). Extracted from Publication 1.

In Publication 2, we reviewed the mobile health challenges faced by numerous app-
based human subject studies. Highlighted challenges include the lack of scientific
rigour, the lack of holistic assessment, and the burden on participants to manage
an app for each study. Furthermore, data quality challenges included its long
duration, high dimensionality, and levels of sensitivity. The paper then presented
the mQoL mobile application and its architecture — see Figure 2.4 — to unify the
requirements to conduct longitudinal health studies, including study management,
collection of PROs, and collection of TechROs — see Figures 2.5 and A.1. The
paper highlighted the opportunities for researchers and participants offered by
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© Your answers help us find great studies for you:

How much do you want to help others?

© How much do you want to gain personally?

© How interested are you in the research topic?

© How influenced by the administration of study?

© Who would you like to help in a study?

© What do you want to gain from a study?

© What research topics interest you?

© Here are a few studies you may enjoy:

1 Study 2 Study 3 Study 4 Study 5

© Title of Study 4

Description for Study 4
Researchers - Ethics Approvals - Literature - ...

Goal - Scope - Tasks - Data - Protocols - ...

Consent of Study 4
- a»
Secure website of researchers
Data collected: type 1, type 2, type 3, ...
Give Study 4 access to your Wearable
-
- -

Thank you for giving Study 4 access

Time s until participant should respond
L

Moments in the story before the contribution

Secure website of researchers
Question

G g égb ab &
-'\

© Moments in the story during the contribution

The participant provides more data securely
L

© Thank you for helping Study 4 .

Moments in the story after the contribution

Fig. 2.3.: Chatbot unified human subject study format: identifying motivational factors for

participation followed by study title, description, researchers, ethics, evidence,

goal, scope, tasks, data, protocols, and consent. Extracted from Publication 1.

2.3 Results

15



16

mQoL. Specifically, researchers can focus on the study instead of the platform,
collect consented and pseudonymised data, and obtain longitudinal datasets in
situ; participants can monitor, observe, and reflect upon their daily QoL using only
evidence-based personalised information. Publication 5 used a subset of these
findings.

Studies

with A
elected

data type

usage data
types

Options inside each study: pause,
resume, stop, and delete retrieved data

QoL Past Regular
survey answers navigation
T path

Health Past [ .,
survey answers Navigation

[T path from

- Past Control tab
Demographic as! notification
survey answers

Feedback
Terms
Privacy

consent, sources,

Study signup:
surveys, data types

Inverse-chronological
cards: information and
actions in other tabs.

il f
Available Active
studies studies ||| ) o fttovoet 1
T | — b R T
T X T Iy
______________________ Explore [ | Control | | Account [ | Settings
tab tab tab tab

Fig. 2.4.: Conceptual architecture of the mQoL mobile app: tabs (data, explore, control,
account, and settings) and modules. Extracted from Publication 2.

Token
management

Personal
survey

In Publication 3, we reviewed human factors and technical factors for longitudinal
data collection in human subject studies. Human factors include the participants’
attitudes towards self-monitoring, overall goals toward health and fitness, desires
at a given time, and concerns over data security. Technical factors refer to both the
data collection artefact and the properties of the data collected. Artefact-related
factors include accuracy, usability issues, synchronisation problems, and battery
life. Data-specific factors include data "dimensionality, heterogeneity, temporal de-
pendency, sparsity, irregularity, noisiness, ambiguity, and redundancy" [25]. The
International Workshop on Longitudinal Data Collection from Human Subject Stud-
ies "foregrounded contributions and facilitated discussions focused on the methods,
tools, and frameworks for collecting, analysing, and interpreting human subjects’ data
obtained over long periods" [20] from three accepted papers. The workshop’s agenda
contained a keynote speech from a senior researcher specialised in longitudinal
studies, presentations by the authors of three accepted papers, the best paper award,
and a moonshot challenge where the participants designed a longitudinal study for
the next 10-20 years. The workshop concluded with a social dinner.

In Publication 4, we derived requirements from three constituents: participants,
researchers, and system, as seen in Figure 2.6. Participant requirements include con-
sent, control of participation, control of data provision, and contribution to studies.
Study researcher requirements included reusability, in-study data unification by par-
ticipant, offline data collection, and adherence to data safety requirements. Finally,
the system’s requirements included managing different functionalities in studies with
minimal programmatic intervention, the administration of interventions, and the

Chapter 2 Motivation and Facilitation of Human Subject Study Participation



We help you have a healthy lifestyle and
improve your QoL, while we learn more
about cardiovascular risk. Read more

Quality of Life technologies lab
University of Copenhagen, DK
University of Geneva, CH Technologies
Web / Email / Phone

£

Step count (Apple HealthKit)
Workouts (Apple HealthKit)

Sleep analysis (Apple HealthKit)
Heart rate (Apple HealthKit)

Body mass index (Apple HealthKit)
Blood pressure (Apple HealthKit)

Lipids (HealthKit electronic health record)

H HHHBBHHH

Device start/stop usage (AWARE in app)

Demographic
Help us estimate more risk variables.

Health
Help us estimate more risk variables.

Quality of Life

Help us add even more vars.

Before study starts
Give us an ex-ante risk assessment.

While study is running
Help you and us monitor lifestyle.

HEEH HEH

After study ends

Give us an ex-post risk assessment.

Feedback and monitoring

S. Michie, Behavior change technique taxonomy,
Annals of Behavioral Medicine, 2013.
www.ncbi.nlm.nih.gov/pubmed/23512568

Impact of healthy lifestyle factors on life
expectancies in the US population

Y. Li et al., Circulation, 2018.
www.ahajournals.org/...

Associations of fitness, physical activity,
strength, and genetic risk with cardiovascular
disease longitudinal analyses in UK Biobank
E. Tikkanen et al., Circulation, 2018.
www.ahajournals.org/...

European guidelines on cardiovascular disease
prevention in clinical practice

M. Piepoli et al., European Heart Journal, 2016.
academic.oup.com/eurheartj/...

ACCF/AHA guideline for assessment of
cardiovascular risk in asymptomatic adults
P. Greenland et al., Journal of the American
College of Cardiology, 2010.
www.acc.org/~/media/clinical/pdf-files/...

Smartphone

You participate in the study with your own
smartphone. Shortened here for brevity.

Surveys

We will ask you to fill in a set of surveys to get to
know you better. Shortened.

Privacy

The information from you as a participant and the
acquired data are confidential. You can pause and
delete data at any time. Shortened.

Risks

The risks and discomfort from participation in
this study are low. Shortened.

Rights

Understand your participation is voluntary.
Shortened.

: mQoL unified human subject study format: title, duration, description, re-

searchers, permissions for device-reported (health and usage, TechRO) and self-
reported (shared and study-specific, PRO) data, scientific evidence (behaviour
change and medical), participation consent, and participant signature. Extracted

from Publication 2.

2.3 Results
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ability to report data for analysis. The conceptual model of the architectural design
consisted of components interconnected within two levels: robust and flexible. The
robust layer serves as the foundation of the architecture. In each component, a set of
transient features forms the flexible layer can be connected and disconnected upon
changing research needs, as depicted in Figure 2.7. The component- and layer-based
architectural design allows observational and interventional study designs, located
in the lab and in situ, and leveraging PROs and TechROs collected continuously,
scheduled, or event-based. mQolL-Lab served as the platform for over ten stud-
ies in four chronological stages: (1) single-study platform leveraging smartphone
sensor-based data loggers, (2) platform enhancement with parallel studies with
separate configurations, (3) platform enhancement with studies collecting consumer
wearable data, and (4) platform re-instantiation in multiple geographical locations
beyond the original location of Geneva, Switzerland.

‘ £\ /\ N\
- A
2 / \/\ (] X/ </>
-
-~ Wearable Data extraction 7
. 4 — — — — "
Participant - - - - Q
Passive sensing data Researcher
Smartphone I
BB 0. i
I o ) I I
(@) (@) Data analysis
f' ] Survey, EMA data Mobile data server
-+

Fig. 2.6.: Overview of a human study conducted on the mQoL-Lab platform with the three
constituents (participant, researcher, system) and provided data: passive sensing
data (TechRO), and survey (PRO). Extracted from Publication 4.

Component
 ——
Component
Robust layer
Core features D Component
Transient H 3 Transient
feature : feature D 777777777777777777777
added Flexible layer removed D =1
AONARNAR
/
AN P o) Component
Mobile data server
Researcher [ ——

Fig. 2.7.: Architectural design of the mQoL-Lab platform. The components are represented
in magenta. The core features in the robust layer are depicted in green. The
transient features in the flexible layer are shown in yellow. Extracted from
Publication 4.
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In addition to the published work, the research activities included two master
theses at the Departments of Communication and Computer Science, University of
Copenhagen.

1. In a master thesis entitled Designing for Participation in Longitudinal Health
and Wellbeing Studies [26], Alba Kejser Perez, Cecilie Rosentoft, and Elisabeth
Brinth Refstrup studied the factors of motivation for participation in health and
wellbeing studies by employing qualitative and quantitative methods (mixed
methods). This thesis used Publication 1 as a basis for research.

2. In a master thesis entitled Engaging Participants in the Recruitment Phase of
Human Subject Health Studies — mQoL-Chat: a Chatbot Approach [27], Mads
Schnoor Hansen implemented a minimum viable version of the chatbot that
collected PRO and TechRO data, by leveraging the two designed and developed
modules in the mQoL-Lab (Chapter 4). This thesis used Publications 2 and 5
as a basis for research. Mads then contributed to Publication 1.

2.4 Discussion

Publications 1, 2, and 5 used a chatbot and a mobile app as unifying framework
artefact designs for conducting human subject studies. Conducting studies using im-
plementations of these designs provides numerous advantages for study participants,
researchers, and developers. For both designs, participants can benefit from easy
access and timely support. For the mobile app (the preferred choice in 2018), they
benefit from the app’s familiarity on the smartphone. For the chatbot (the preferred
choice in 2019), they benefit from communication in natural language, and a simple
user interface, based on chat messages and limited media. Researchers benefit from
the flexibility and expressiveness of the conducted studies, and in the case of the
chatbot, access to its underlying social network. For the mobile app, developers
can benefit from the numerous existing data collection platforms for both PROs and
TechROs (e.g., ResearchKit [28] and HealthKit [29] for the iOS platform). Using the
chatbot, developers can prototype, experiment, and implement presentations and
interactions with ease, using either a wizard or code (e.g., Chatbot [30]).

The personalised stories presentational model in the mQoL-Chat unifying framework
proposed in Publication 1 poses several challenges. First, personalised stories and
moments require significantly more content than a study administration uniform
for all participants. Then, the personalised stories presented in the chatbot design
may introduce several selection biases in the participants (due to both human

2.4 Discussion

19



20

and technological factors). Finally, the data collection using a chatbot requires a
transparent data management procedure from the chatbot user interface to the
mQoL-Lab platform and back.

The empirical study of participation in human subject studies by using the mobile
app or chatbot design with personalised stories, by balancing the personalisation of
the study for the participants with the operationalisation burden for the researchers
and developers, is an avenue for future research.

Long-term, researchers can use properties of the participant (e.g., demographics,
topics of interest, factors, and concerns for participation, reasons for abandonment),
initial features of study (e.g., goals, story, requirements, rewards), and properties of
involvement (e.g., responses to moments as markers for engagement and retention,
the outcome of completion or attrition) that change in time. Supervised learning
models that predict the likelihood to participate in a study for a given duration and
then recommend the fittest studies for future participation are another direction for
future research subject to the underlying data’s availability.

The workshop activity described in Publication 3 foregrounded state of the art
contributions in collecting data over long periods. However, it occurred only one
time. A future recurring event spanning ten years (mirroring longitudinal studies),
with a periodicity of 3-12 months, would allow a cohort of 10-100 of research labs
to report ongoing progress, share recent insights, and adjust selected aspects of their
study designs to address old and new challenges and leverage new opportunities in
human subject study participation.

Researchers with long-term goals in human subject studies will benefit from build-
ing a reliable and scalable architecture that supports their growing needs, such
as mQolL-Lab. The mQoL-Lab platform described in Publication 4 is relevant in
particular for researchers preparing to conduct human subject studies involving
simultaneous participants (tens to hundreds), from a few days to several years, by
employing qualitative, quantitative, or mixed research methods, potentially across
geographies.

We plan to extend the scientific contribution described in Publication 4 on mQoL-Lab
with videos, tutorials, and code snippets that can further empower this research
community.

The two master theses contain significant findings on the motivation of human
subject study participation using mixed methods (N = 100) not included in this PhD
thesis. We plan to write a joint manuscript on the motivation for participation in
human subject studies based on their findings.

Chapter 2 Motivation and Facilitation of Human Subject Study Participation



2.5

Following the Research App by Apple in October 2019 [31], Google announced the
new Google Health Studies mobile app in December 2020 [32]. The intent and
design of both applications resemble the mQolL design proposed in Publications 2
and 5. Table B.1 highlights similar paragraphs from the descriptions of the mQoL
design [33], Apple app [31], and Google app [34]. These releases by two large
companies of mobile apps bearing similarities with mQoL (unifying frameworks for
human subject studies) confirm the relevance and feasibility of the mQoL design.

Scientific Contributions

We contributed to the state of the art in studying the motivation and facilitation of
human subject study participation through five publications, as depicted in Figure 2.8.
Appendix B.2 overviews all publications and scientific contributions in this thesis.

Two groups of publications providing the same scientific contributions emerged:

* Group 1: Publications thoroughly exploring the research area of motivation
for participation in human subject studies (Publications 1, 2, 3).

* Group 2: Publications proposing a mobile application design as a unifying
framework for longitudinal human subject studies (Publications 2 and 5).

2.5 Scientific Contributions

21



(ge7 700) saipnis uewny Joj wiopeld geq-jodOw
|00} e sdojanap pue sugisaqg

mw_nm,u.w..:u_mw: _mc_nm,u,_w,co_ 104 cw_mw,wmmﬂmsu
salpnis uewny |euipnyiBuol Joj uSisap dde 3|iqoN
ydomaweds Suifjiun e sapinoad

uopeddiied 91eAIOW 0} [SPOW SBII0IS PAZI|RUOSIDd

|[9pow |euopyejuasaid e sadnpoid

salpnis uewny uj uopiedpiled o) UOIIBAIIOIN

eaJe YydJeasal e sasojdxa AjySnoioyy

SUoIINGLIIUOD JJ1IUBIIS

‘uonedpnied Apnis 193[qns uewny jo

UONB[IOB] pUB UOMBATIOUI 33 UO 2Iasal 3y 10 (Y311) SUOINQLIIU0D dPYIUSIS pue ‘(anuad) suonedrqnd jo sdnoid ‘(3o1) suonesyqnd :'g ¢ "Si4

8l0C HA

S uonedi|qnd

0202Z DdS!I90N

t uoneslgngd

Z dnoup

salpn3s Joj udisap dde ajiqop

610z dwodign @ 1Al
€ uonesi|qnd

MaIAaJ d3edidijaed 03 uoleAno

| dnoup

810z dwodign ® JHN

Z uonesijqng

6102 IPSWNINIA| @ BIPSINYI[ESH

| uoneljgngd

Chapter 2 Motivation and Facilitation of Human Subject Study Participation

22



The publications, along with their scientific contributions to state of the art on the
motivation and facilitation of human subject study participation, were:

1. Vlad Manea, Mads Schnoor Hansen, Semahat Ece Elbeyi, Katarzyna Wac. To-
wards Personalizing Participation in Health Studies. Workshop on Multimedia
for Personal Health and Health Care (HealthMedia 2019), Conference on Mul-
timedia (MM 2019). 8p. DOL: https://doi.org/10.1145/3347444.3356241.
This publication can be found in Appendix A. [35]

* Thoroughly explores the research area of motivation for participation in
human subject studies (Group 1).

* Produces a presentation model using personalised stories to motivate
participation in health studies.

* Provides the mQoL-Chat chatbot design as a unifying framework to
conduct longitudinal health studies.

2. Vlad Manea, Katarzyna Wac. mQoL: Mobile Quality of Life lab: from Behavior
Change to Quality of Life. Workshop on Mobile Human Contributions (MHC
2018), Conference on Pervasive and Ubiquitous Computing (UbiComp 2018).
6p. DOI: https://doi.org/10.1145/3267305.3267549. This publication
can be found in Appendix A. [33]

* Thoroughly explores the research area of motivation for participation in
human subject studies (Group 1).

* Proposes a mobile application design as a unifying framework for longi-
tudinal human subject studies (Group 2).

3. Vlad Manea, Allan Berrocal, Alexandre De Masi, Naja Holten Mgller, Katarzyna
Wac, Hannah Bayer, Sune Lehmann, Euan Ashley. Call for Papers: LDC ’19:
Workshop on Longitudinal Data Collection in Human Subject Studies. Call for
Papers for the Workshop on Longitudinal Data Collection in Human Subject
Studies (LDC 2019), Conference on Pervasive and Ubiquitous Computing
(UbiComp 2019). 4p. DOI: https://doi.org/10.1145/3341162.3347758.
This publication can be found in Appendix A. [20]

* Thoroughly explores the research area of motivation for participation in
human subject studies (Group 1).

2.5 Scientific Contributions
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4. Allan Berrocal, Vlad Manea, Alexandre De Masi, Katarzyna Wac. mQoL-Lab:

Step-by-Step Creation of a Flexible Platform to Conduct Studies Using Interactive,
Mobile, Wearable and Ubiquitous Devices. Conference on Mobile Systems and
Pervasive Computing (MobiSPC 2020). 9p. DOI: https://doi.org/10.1016/
j.procs.2020.07.033. Nominated for the best project pitch award at the
University Hospitals of Geneva Innovation Day 2020, Geneva, Switzer-
land. This publication can be found in Appendix A. [21]

* Designs and develops the mQoL-Lab platform as a tool for conducting
human subject studies.

. Vlad Manea, Vero Estrada-Galifianes, Katarzyna Wac. mQoL: Mobile Quality of

Life lab. Poster and demo at the Digital Health Conference (DH 2018). Nom-
inated for the Innovation Prize in the category of the best data-driven
innovation, Lyon, France. This publication can be found in Appendix A.

* Proposes a mobile application design as a unifying framework for longi-
tudinal human subject studies (Group 2).
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3.1

Co-Calibration of Behavioural,

Health, and Quality of Life
Outcomes

Background

Little research focused on assessing the relationships between sets of different

behavioural, health, and QoL outcomes assessed via PROs and consumer wearable

TechROs in healthy seniors, in situ and longitudinally.

The research met the following objectives:

1.

Review the literature on the co-calibration of behavioural, health, and QoL
outcomes in seniors.

. Provide a computational model to co-calibrate small samples of PROs and

TechROs obtained from validated scales and consumer wearables, respectively.

. Demonstrate the computational model’s feasibility on the dataset resulting

from an observational human subject study on healthy seniors, longitudinally,
and in situ.

Collect the behavioural, health, and Quality of Life PROs by leveraging the
mQoL-Lab platform.

Collect the digital biomarker TechROs by leveraging the mQoL-Lab platform.

. Assess data quality properties of the PROs and TechROs collected in the study.

Assess the co-calibration between PROs and TechROs by using statistical
methods appropriate for the data quality properties above.

. Inform longitudinal and in situ studies’ design by leveraging the data quality

and co-calibration patterns from the previous two objectives.

Review in-depth the literature on assessing a QoL facet by using a combination
of reported outcomes.
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In Publications 6, 7, and 8, we researched as part of the EU AAL Caregiver and
ME (CoME, No. 14-7, 2017-2020) research project. CoME aimed at the self-
management of health for healthy seniors, but at risk of mild cognitive impairments,
and their informal caregivers [36] to reduce the long-term risk of severe disease
(e.g., dementia) and improving Quality of Life. The institutional review board at the
University of Geneva approved the project in 2016. Participants were from Hungary
and Spain. All individuals signed written consent before participating.

The project used numerous PROs to obtain a holistic view of the participants’
behaviours, health, and QoL, by covering constructs that are reflective (e.g., physical
activity, anxiety, depression, memory, sleep) or formative (e.g., nutrition, social
support) [37, 38]. These constructs assess participants’ health state and correspond
to several behavioural risk factors of dementia [39], as guided by the project’s
goals.

In Publication 9, we conducted a scoping review on the technology-enabled assess-
ment of the Energy and Fatigue facet in the Quality of Life model of the World Health
Organisation [40]. This work serves as a prerequisite for the literature review on
co-calibration as well as an individual contribution.

Methods

In Publications 6, 7, and 8, we conducted a longitudinal observational study in situ
by leveraging mixed methods. We collected qualitative PROs (physical activity, social
support, anxiety and depression, memory, nutrition, sleep, and health-related QoL)
and quantitative TechROs (e.g., physical activity, sleep, and heart rate) for seniors,
self-reported healthy or with mild disease. We assessed the PROs by using validated
scales (8 questionnaires with validated scales: IPAQ for physical activity [41],
MSPSS for social support [42], GADS for anxiety and depression [43], PREDIMED
for Mediterranean nutrition [44, 45], SelfMNA for nutrition [46], MFE for memory
[47], PSQI for sleep [48], EQ-5D-3L for health-related QoL [49]) and TechRO digital
biomarkers (physical activity, sleep, heart rate) longitudinally by using consumer
wearables (Fitbit Charge 2 [50]), respectively.

We aligned the PRO answers (for questions and their associated scores and sub-
scores) with TechRO intervals of various durations (7-120 days, beyond the recall
periods of the PROs) that ended on the administration date of the PRO (within a
leeway). We included TechROs in both absolute amounts and relative amounts (e.g.,
the ratio of sedentary duration over the other durations up the 24 hours in the day

Chapter 3 Co-Calibration of Behavioural, Health, and Quality of Life Out-
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[51]) We applied descriptive statistics (e.g., mean, median, standard deviation) to
assess the quality of the obtained data (PROs, TechROs, alignments of PROs and
TechROs). Then, we applied inferential statistics through hypothesis testing (for this
study, Spearman non-parametric rank correlations for at least ordinal variables cor-
responding to the assessed outcomes) to co-calibrate PROs with TechROs. We used
the strong, significant correlations between PROs and TechROs to observe patterns
of correlations (in this study, using two metrics: counting strong correlations and
observing spectrums of correlations). We denote the aforementioned computational
model as coQoL. Figure 3.1 illustrates a diagram of coQoL.

Patient-reported outcomes (52 2 Technology-reported
P E,( > T3 gy-rep

(PRO) via Questionnaire (TechRO) via wearable
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| 29
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Fig. 3.1.: coQoL computational model for the co-calibration of PROs and TechROs.
In Publication 9, we conducted a scoping review of the recent literature (2010-

2020) on the technology-enabled assessment of energy and fatigue, using domains
(keywords) such as energy and fatigue (e.g., energy, fatigue, fatigability, tiredness,

3.2 Methods
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vitality), populations (e.g., athlete, driver, performance, pilot, police, shift, sport,
worker, employee), health outcomes (cancer, cardiovascular, circulation, dementia,
heart, kidney, mental, pulmonary, respiration), and measurement (e.g., accelerome-
ter, app, application, camera, band, ecological momentary assessment, performance,
capacity, electrocardiogram, electrooculogram, experience sampling method, Fit-
bit, galvanic, mobile, sensor, smart band, smartphone, smartwatch, vision, watch,
wearable).

Results

Figure 3.2 overviews the relationships between the publications in this area and
keywords describing the proposed model’s outcomes, models, and operationalisation.
Appendix B.1 overviews all publications in this thesis. We derived three groups for
this research area:

* Group 4: Publications assessing PRO of physical activity by using the IPAQ
scale (Publications 6, 7).

* Group 5: Publications assessing PRO of health-related QoL by using the EQ-
5D-3L scale and TechRO of heart rate by using the Fitbit Charge 2 consumer
wearable (Publications 6, 8).

* Group 6: Publications assessing PROs and TechROs using the coQoL computa-
tional model (Publications 6, 7, 8).

In Publication 6 (8 PROs), we reported that 39 seniors provided on average 7.4 +
4.4 PROs for physical activity (IPAQ), social support (MSPSS), anxiety/depression
(GADS), nutrition (PREDIMED, SelfMNA), memory (MFE), sleep (PSQI), Quality of
Life (EQ-5D-3L), and 295 + 238 days of TechROs (Fitbit Charge 2) along two years.
We co-calibrated PROs and TechROs (coQoL) and reported human factors guiding
coQoL use. We report high PRO—TechRO Spearman correlations (rg > 0.8, p <
0.05) for physical activity (moderate domestic activity—light+fair active duration),
social support (family help—fair activity), anxiety/depression (numeric score—sleep
duration), or sleep (duration to sleep—sleep duration) at various durations (7-120
days).

In Publication 7 (1 PRO: physical activity), we quantified the relations between
physical activity outcomes, as patient-reported by 31 seniors (mean age 70.6 + 3.2)
through 53 answers (1.71 4+ 0.96 / person) on the International Physical Activity
Questionnaire (IPAQ) with a 7-day recall period, and 5615 days (mean 181.1 +
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Fig. 3.2.: Publications (left), groups of publications (centre), and keywords (right) for
the research on the co-calibration of behavioural, health, and Quality of Life

outcomes.
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179.2 days collected /person) technology-reported by Fitbit Charge 2. The wearables
monitored daily life behaviours of physical activity and sleep for long durations (7
to 120 days). We applied coQoL. We found strong Spearman correlations between
light and moderate IPAQ physical activity in the domestic activity domain, and
light-fair intensity Fitbit physical activity (e.g., rs = 0.88, p < 0.005). We also found
negative moderate-strong correlations between Fitbit sedentary duration and all
IPAQ physical activity domains and intensities (e.g., rs = 0.64, p < 0.005).

In Publication 8 (1 PRO: health-related Quality of Life), 31 seniors (mean age 70.66
=+ 3.15) provided 54 EQ-5D-3L answers (1.72 + 1.12 / person) and 9.150 Fitbit
Charge 2 days (295.16 + 247.25 / person). We applied coQoL. For the healthy
participants, we found strong Spearman correlations (p < 0.05) for the PRO pain
/ discomfort vs the TechRO absolute sedentary duration (rg = 0.69), mobility vs
absolute sedentary duration (-0.57), and health state vs heart rate (rg = -0.56).
For the participants with self-reported mild disease, we found strong correlations
(p < 0.05) for mobility vs steps (rg = 0.71), distance (rs = 0.71), and absolute
sedentary duration (rg = -0.67) as well as anxiety / depression vs steps (rg = -0.57)
and distance (rg = -0.62). For all participants, pain / discomfort vs relative fair
activity (rg = 0.69) and sleep (rs = -0.58); health state vs relative light activity
duration (rg = 0.63) and sleep duration (rg = 0.73) yielded strong correlations (p
< 0.05).

In Publication 9, we found 40 reviews on energy and fatigue and 60 studies
assessing fatigue using technology. We classified fatigue as pathological and non-
pathological, and then as physical and mental. We assessed the qualitative (subjec-
tive), quantitative (objective), and mixed-methods fatigue measurement methods
(scale instruments, momentary assessments, physical assessment, cognitive assess-
ment, cardiac physiology, ocular physiology, neural physiology, biologic markers,
and behavioural markers). Finally, we placed the measurement methods on a spec-
trum based on several properties (validated, quantifiable, frequent, continuous,
judgement-free, mood-free, memory-free, owned, and contextual).

In addition to the published work, the research on co-calibration formed the basis of
a master thesis at the Department of Computer Science, University of Copenhagen.
In the master thesis entitled ConsistencyQoL — A Framework For Modelling Consistency
In Behavioural Data Collected With Wearables [52], Kirke Kjellberg designed a system
for monitoring the consistency in human behaviours reported by wearables towards
its co-calibration as a TechRO with PROs, by leveraging the two mQoL-Lab data
collection modules (Chapter 4).
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3.4 Discussion

In Publications 6, 7, and 8, we demonstrated the feasibility of coQoL. The compu-
tational model could identify numerous relationships between PROs and TechROs in
healthy seniors longitudinally and in situ. Furthermore, we reported the data quality
and potential human factors (primarily in Publication 6). Finally, we provided
patterns of relationships that can inform future observational (and, where relevant,
interventional) study designs for healthy seniors to assess and improve health and

Qol.

coQoL is a robust computational model due to the flexibility of the co-calibration
process. We illustrate in Figure 3.3 several parameters with which the range of
human subject studies using PROs and TechROs that can leverage coQol can expand
beyond the study presented in this thesis.

A series of limitations characterised the study: the small sample size, the reduced
power, and the apparent simplicity of the underlying methods for co-calibration
(descriptive and inferential statistics). We addressed these limitations by analysing
on numerous increasing duration intervals and decreasing number of observations,
and allowing leeways to align PRO answers and TechRO intervals. The study
highlights the challenge of retaining individuals, shared by numerous human subject
studies, and motivating the research’s relevance in Chapter 2.

While past studies on seniors may have had larger sample sizes than those in this
study, they have not yielded stronger statistical results. For example, other co-
calibration studies rarely report Spearman values of rs > 0.5. Also, past studies
assessed the behaviours for reduced durations (7-14 days). However, the study
duration of over a few weeks is essential to overcome the "novelty" effect of the
technology (TechRO) on the state and behaviour of the senior [53]. Conversely,
the research co-calibrated (PRO) behaviour and health outcomes in healthy seniors
longitudinally (up to 120 days) and in situ (while daily life unfolded). Nevertheless,
the study focused on patterns of relations and not individual relations between PROs
and TechROs.

In Publication 9, we did not observe validated calibration between objective mea-
sures and the concept of energy and fatigue. Therefore, both qualitative and quanti-
tative measurements are being considered in the context of energy and fatigue, as
they are essential, and so far semantically separate, indicators for health and QoL.

In an ongoing research project, we are using coQoL to assess relationships between
heart disease events and behaviours using consumer wearables. The project is a

3.4 Discussion
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3.5

collaboration between the University of Copenhagen and the Vital Beats private
company [54], where the author of this PhD thesis had the mandatory research stay
in an environment external to the University of Copenhagen.

We expect to design future studies with more participants for shorter periods (60-90
days), repeated every few months to a year, and focus on the PROs and TechROs
delineated by the patterns reported by this research. Larger sample sizes will allow
more advanced techniques. Finally, we aim to derive co-calibration-based trajectory
models for individuals and populations.

Scientific Contributions

We contributed to state of the art in the study of co-calibration of behavioural,
health, and QoL outcomes through four publications, as depicted in Figure 3.4.
Appendix B.2 overviews all publications and scientific contributions in this thesis.

One group of publications providing the same scientific contributions emerged:

* Group 3: Publications producing the coQoL computational model for PRO-
TechRO co-calibration, providing empirical data as patterns of PRO-TechRO
statistical correlation, and leveraging the two mQoL-Lab modules as tools for
questionnaire and wearable data collection (Publications 6, 7, 8).

3.5 Scientific Contributions
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The publications, along with their scientific contributions to state of the art on the
co-calibration of behavioural, health, and QoL outcomes, were:

6. Vlad Manea, Katarzyna Wac. Co-calibrating Physical and Psychological Out-
comes and Consumer Wearable Activity Outcomes in Older Adults: An Evaluation
of the coQoL Method. Journal of Personalized Medicine, 10(4), MDPI, 2020.
Special Issue: PROomics: Patient Reported Outcome (PRO) and Self-Tracking for
Personalized Medicine. Impact factor 4.433, rank 10/102 (Q1) in Health Care
Sciences and Services. 41p. DOI: https://doi.org/10.3390/jpm10040203.
This publication can be found in Appendix A. [55]

* Produces the coQoL computational model for PRO-TechRO co-calibration
(Group 3).

* Provides empirical data as patterns of PRO-TechRO statistical correlation
(Group 3).

* Leverages the two mQoL-Lab modules as tools for questionnaire and
wearable data collection (Group 3).

* Provides empirical data as physical and psychological qualitative PROs
(raw) in seniors, collected longitudinally in situ.

* Provides empirical data as digital biomarker quantitative TechROs (ag-
gregate) in seniors, collected longitudinally in situ.

7. Vlad Manea, Allan Berrocal, Katarzyna Wac. Using Consumer-Friendly Wear-
ables to Associate Patient- and Technology-Reported Physical Activity in Healthy
Seniors. Conference on Mobile Systems and Pervasive Computing (MobiSPC
2020). 8p. DOI: https://doi.org/10.1016/j.procs.2020.07.036. This
publication can be found in Appendix A. [56]

* Produces the coQoL computational model for PRO-TechRO co-calibration
(Group 3).

* Provides empirical data as patterns of PRO-TechRO statistical correlation
(Group 3).

* Leverages the two mQoL-Lab modules as tools for questionnaire and
wearable data collection (Group 3).

3.5 Scientific Contributions
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8. Vlad Manea, Katarzyna Wac. Using Consumer-Friendly Wearables to Associate

Patient-Reported Quality of Life and Tech-Reported Physical Activity and Sleep
in Healthy Seniors. Poster at the Conference of the International Society for
Quality of Life Research (ISOQOL 2020). DOI: https://doi.org/10.1007/
$11136-020-02626-y. This publication can be found in Appendix A. [57]

* Produces the coQoL computational model for PRO-TechRO co-calibration
(Group 3).

* Provides empirical data as patterns of PRO-TechRO statistical correlation
(Group 3).

* Leverages the two mQoL-Lab modules as tools for questionnaire and
wearable data collection (Group 3).

. Natalie Solomon, Vlad Manea. Energy and Fatigue: Classification and Assess-

ment of Energy and Fatigue using Subjective, Objective, and Mixed Methods
towards Health and Quality of Life (accepted). Book chapter in: Katarzyna Wac,
Sharon Wulfovich (eds.), Quantifying Quality of Life: Incorporating Daily Life
into Medicine, Health Informatics, Springer, Cham. 30p. This publication can
be found in Appendix A. [58]

* Thoroughly explores the research area of assessing the Energy and Fatigue
QoL facet in the World Health Organisation model [40] by using PROs,
TechROs, and other types of reported outcomes.
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4.1

4.2

Design and Development of
the mQoL-Lab Platform

Background

During his PhD at the QoL Lab, the author of the thesis developed four modules for
the equivalent of one year full-time.

Modules

The first two modules are part of the mQoL-Lab platform. The second module was
also integrated into the software application of the AAL CoME European project
[36], available online.

The third and fourth modules were integrated into the H2020 WellCo European
project [17], available online.

1. mQoL-Lab module for digital biomarker data collection from consumer
wearables (TechRO). Wearable data collectors for the Quality of Life technolo-
gies lab. Implemented data collectors for most streams in the manufacturers’
web APIs. Added schedulers, historic data collectors, visualisation dashboards,
data exporters, and more. Collects data from Fitbit and Withings wearables.
Leveraged in studies at the University Geneva, Switzerland and Stanford
University, United States of America.

2. mQoL-Lab and AAL CoME module for behavioural, health, and QoL data
collection from questionnaires/validated scales (PRO). Implemented the
data models and outcome scoring of 8 clinical instruments. Quantified risk
factors: anxiety, depression, health-related life quality, memory, nutrition,
physical activity, sleep, and social support. Served the questionnaires and risks
as an API consumed by a web app running at HI-Iberia (the CoME coordinator
partner). Released with extensive test and documentation, collected and
exposed data at the University of Geneva, Switzerland.
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3. H2020 module for physical health state assessment. Collects data from

the Withings wearable API and stores it in the application’s unified data store.
Confronts guidelines with questionnaires and wearable data on physical activity
and sleep. Identifies factors from the literature which are likely to impact
the overall risk of disease. Released with extensive test and documentation,
processing data continuously at HI-Iberia (the WellCo coordinator partner) in
Madrid, Spain.

. H2020 module for chronic disease risk assessment. Quantifies the direct

risk factors for cardiovascular, pancreatic, and pulmonary disease based on
medical evidence [6, 23, 59]. Generates "if you continue like this, ..." and "what
if?" alternative behavioural risk scenarios. Provides the minimal behaviour
changes needed to reduce the modifiable risk in each situation. Released
with extensive tests (coverage 94%) and documentation, processing data at
Hl-Iberia.

4.3 Scientific Contributions
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We leveraged the first two modules as research tools to collect the TechROs and
PROs, respectively, in the study assessing the co-calibration of behavioural, health,
and QoL outcomes (Chapter 3). Mads Schnoor Hansen also leveraged the first
module in a minimum viable version of the mQoL-Chat chatbot that collected PRO
and TechRO data as a technical contribution to his master thesis [27] assessing the
motivation and facilitation of human subject study participation (Chapter 2).

While we completed the third and fourth modules in the European project on time,
they did not contribute to scientific research due to participant enrollment delays
beyond our control.

Chapter 4 Design and Development of the mQolL-Lab Platform



Conclusions

In this thesis, we presented our research in two areas. The first area was motivation
and facilitation of human subject study participation. We reviewed the motivation
factors, opportunities, and challenges to participate in human studies. We proposed
a presentational model using personalised stories to improve engagement and
retention of participants in human studies. We designed two unifying frameworks,
one mobile app and one chatbot, to effectively conduct a wide range of human
subject studies. We designed, developed, and described the mQolL-Lab platform
leveraged in over ten studies. The second area was the co-calibration of behavioural,
health, and Quality of Life outcomes in human subject studies. We surveyed the
past work on co-calibration and reviewed the Energy and Fatigue Quality of Life
facet, relevant for the human subject studies conducted in our lab. We produced
the coQoL. computation model to co-calibrate patient- and technology-reported
outcomes. We demonstrated the robustness and feasibility of coQoL in a longitudinal,
observational, in situ study assessing a cohort of 42 healthy older participants. The
study reported the quality properties of the resulting data and novel patterns of
relationships between physical, psychological patient-reported outcomes obtained
through 8 validated scales and behavioural outcomes obtained from consumer
wearables. Finally, we described the mQoL-Lab modules designed and developed
by the author and their use as tools in the two research areas. The contributions in
both areas can inform the design of future observational and interventional studies
leveraging consumer-available technology that monitors behaviours longitudinally
in situ towards assessing and improving health and Quality of Life from high-quality
collected datasets.
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Abstract There is substantial evidence on the relevant factors that motivate participa-
tion in human subject studies and the expectations of participants when sharing their
health data for research. However, most human subject studies focus on participant
eligibility and data collection, omitting even a rudimentary use of the factors that
motivate participation. We illustrate an approach to use motivation to construct
personalized stories and exemplify it by using a chatbot under development towards
monitoring, analyzing, and influencing health study participation, engagement, and
retention. Additionally, we discuss the new advantages, challenges, and unexplored
avenues for research stemming from our approach.
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ABSTRACT

There is substantial evidence on the relevant factors that motivate
participation in human subject studies and the expectations of
participants when sharing their health data for research. However,
most human subject studies focus on participant eligibility and
data collection, omitting even a rudimentary use of the factors that
motivate participation. We illustrate an approach to use motivation
to construct personalized stories and exemplify it by using a chatbot
under development towards monitoring, analyzing, and influencing
health study participation, engagement, and retention. Additionally,
we discuss the new advantages, challenges, and unexplored avenues
for research stemming from our approach.
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1 INTRODUCTION

Significant work foregrounded several areas (factors) of motivation
to participate in health studies: seriousness (trustworthiness of the
study and the researchers, data security, data protection agency
approvals, ethics review board assessment), altruism (to support
family, friends, community, and society), personal benefits (study
results, intellectual curiosity, financial gains), study-related reasons
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(effort to participate, means of participation, time invested, data
required), and external motivation (participation of others, media
reports, endorsements from official institutions) [2].

However, health studies notoriously suffer from limited enroll-
ment, engagement, and retention. Across the fragmented universe
of specialized health studies, study researchers analyze participation
through retroactive analyses of the participant (e.g., demographics,
availability, eligibility, health state), the study (e.g., topic, duration),
and the participation (e.g., attrition segmented by demographics
and topic), with no assessment of the motivation to participate [9].
The limited understanding of the motivation to participate through-
out the study leads to decreased engagement (e.g., performing tasks,
answering questions, results reflection) and retention (e.g., wear-
ing a personal wrist device specifically for the study for a given
duration), with adverse effects on the quality of the collected data.

We argue that motivation-driven participation can be monitored,
analyzed, and (positively) influenced from the moment of enroll-
ment, throughout the study, and up to the abandonment or comple-
tion (whichever occurs first). The study can provide the participant
with a personalized story, stemming from the assessment of mo-
tivation. A story can be represented as a sequence of moments,
characterized by relevant informational content embedded in the
regular user interface. Moments could reside in not only the exist-
ing medium of the study (e.g., a text field in a form, a video to vote,
a push notification to swipe in a mobile app, an interactive task to
execute on a web user interface, a chart for wearable data visualiza-
tion, a conversation message in a chatbot). They could also use the
context of personal motivation. For example, a question could be
preceded by a message relevant exclusively for the participant and
the question. Another example is the visualization of study results
followed by an explanation of how these results apply directly to
the participant. Other examples include the tangible impact of their
contributions on society upon attrition-preventing notification, the
announcement of financial gains before/after participation, and
new features to spark personal curiosities when engagement is low.

Assessing the degree to which a story personalizes participation
and creates a sense of belonging for the participant, more than the
straightforward instructions about the actions to perform, is an un-
explored area of research, with the potential to improve enrollment,
engagement, and retention rates, and increase the quality of the
resulting collected data.

This article is structured as follows. Section 1 provided an intro-
duction to assessing motivation for participation. Section 2 reviews
the related work in this research area. Section 3 familiarizes the
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reader with a case study. Section 4 introduces our approach and
applies it to the case study. Section 5 describes our plan to assess
participation motivation by operationalizing a chatbot and con-
structing participation models from the collected data. Section 6
highlights the future work, and Section 7 concludes the article.

2 RELATED WORK

Previous work assessed the self-reported [22] willingness to partic-
ipate in health studies from the perspective of sharing electronic
health record and wearable data with researchers as well as the
reasons for people to participate in health studies.

2.1 Willingness to Participate

In general, participants are more willing to participate in health
studies and share their data with researchers than other institutions
outside of the circle of health care providers. While participants
favor more sharing their complete data with their primary care
provider, they agree to share specific parts of their data with re-
searchers given the provided data has a particular use, and they
keep ownership of the data.

Sharing Electronic Health Records Perera et al. (2011) asked 490
diabetes patients in Toronto, ON, Canada to assess perceived bene-
fits and harms of keeping an Electronic Health Record (EHR) on
a 5-level Likert scale. 67% supported the use of their de-identified
data by researchers [26]. Caine et al. (2012) asked 30 health care
recipients in Bloomington, IN, the United States to pair parts of
the EHR with potential recipients, including researchers. Only 10%
of those with sensitive EHR parts were willing to share all EHR
parts with researchers, and only 15% were willing to share all non-
sensitive EHR parts with them. However, the participants were
willing to anonymously and temporarily share relevant parts of
their EHRs with researchers [4].

Sharing Wearable Health Data Bietz et al. (2015) surveyed 465
individuals from San Diego, CA, the United States on the challenges
of sharing wearable health data with research. 78% of the partici-
pants were willing to anonymously donate their data for research,
especially if it would contribute to the greater good, and would
favor exciting over noninteresting studies [1]. Seifert et al. (2018)
interviewed 1.013 older age participants from Zurich, Switzerland,
and found that 57% would be willing to share health data with
researchers [28]. Chen et al. (2016) studied the mobile and wearable
fitness tracking behaviors of 101 people from Sydney, Australia,
and reported that 77% were willing to donate health data [5].

2.2 Motivation to Participate

In general, altruistic motivation and personal benefits overshadow
health gains and financial incentives, and this trend pronounces
recently. Participants are at first motivated by helping others (from
family to society) and then, over time, by the personal benefits
from the studies (relevant results, intellectual curiosity, improving
health). Trust (research institute, data protection, ethics review) is
fundamental for the expression of these motivation factors.
Healthy Populations Trauth et al. (2010) surveyed 489 healthy
people in Southwestern Pennsylvania, PA, United States and found
that 46% of the respondents would take part in a health study fo-
cusing on curing a specific disease of interest. In particular, having
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a sick friend or relative contributed to the willingness to partici-
pate [32]. Stunkel and Grady (2011) reviewed the motivations of
2.000 healthy people participating in 12 English-speaking clinical
trials between 1977 and 2010 in the United States, Europe, and
Africa. They found that financial motivation was one of the main
motivations in the studies. However, helping to contribute to sci-
ence and medicine, helping others, and taking part in "something
important” were also reported [30]. Kerath et al. (2013) reviewed
1.041 healthy people’s beliefs and attitudes towards participating
in genetic research through a 22-item questionnaire distributed
in a network of hospitals in Long Island, NY, United States. 83%
considered participation important for society. 82% would approve
genetic research, 70% would be willing to participate anonymously
in research studies with genetic data, and 53% would be willing to
participate in a named biobank study. Among those not willing,
74% would refuse due to data privacy concerns. Other general con-
cerns include enrolling in a study not well explained (over 61%), in
additional research conducted without their knowledge (over 74%),
or in other kinds of research without their knowledge (over 62%)
[18]. Nobile et al. (2017) found from 623 questionnaire respondents
from two German studies that a contribution to society instead
of personal benefits appears to contribute to participant retention
[24]. Bongartz et al. (2017) asked 135 healthy people from Hannover,
Germany, to self-report on a 5-level Likert scale the importance of
16 reasons grouped in four areas. They were, in the order of impor-
tance, the seriousness of the study and altruism (most important),
study-related, personal benefits, and external motivation (least sig-
nificant). Important reasons were the seriousness (of the study, of
the researchers, of the institution), the possibility to support the
researchers, and a data protection approval. Feedback of results and
an exciting topic were of lesser importance. Reports in the media,
the participation of friends, and financial incentives were among the
least essential [2]. In a review comprising motivation factors for ge-
netic study participation from over 6.000 healthy people, Goodman
et al. (2018) found the financial compensation the least important
[12]. Kim et al. (2019) surveyed 170 senior South Koreans and found
that 39% would share health information with researchers, below
family and hospitals, and above device manufacturers, insurance
companies, and governmental agencies [19].

Diseased Populations McCann et al. (2010) conducted a qualita-
tive study with 13 heartburn patients and reported that participants
contribute to trials for the greater good initially, but sustained par-
ticipation over time depends on a concrete personal benefit and no
significant personal disadvantages (weighing risks and benefits), a
term called conditional altruism [23]. Soule et al. (2016) asked 164
cardiac patients in Boston, MA, the United States to self-report their
agreement with four areas of reasons after participating in a study
on a 10-level Likert scale. The areas were, in the order of reported
importance: altruistic (most important), intellectual, health-related,
and financial (least relevant) [29]. Goodman et al. (2019) asked 450
cancer patients, controls, and relatives in the West Washington
area, WA, the United States to self-report the importance of several
areas of reasons for participating in a 4-level Likert scale. Resulting
important themes include benefits for society (highly significant
overall), the reputation of institution (highly important overall and
particularly mentioned in the context of data collection), benefits
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for family and known people (both important), research meaning-
fulness personally (particularly important for cancer cases), and a
much less crucial financial incentive [11].

We did not observe work on quantifying the say versus do re-
lationship between self-reported participant motivation (above),
self-reported personality traits (assessed with validated scales, such
as the Big Five test for personality traits [10]), objective study at-
tributes, and technology-reported [22] participation on one end, and
the outcomes of participation (enrollment, engagement, retention)
on the other end.

3 CASE STUDY

An active area of research is the quantification of the modifiable
risk of chronic disease at an older age by observing (modifiable)
daily life behaviors at a younger age in healthy populations. For
example, physical activity is a direct risk factor for multiple types
of neoplastic [6] and metabolic [20] diseases, and an indirect risk
factor for a wide range of chronic diseases [3].

3.1 Study Setup

In our research lab, an observational study (on chronic disease
risk assessment based on the physical activity daily life behaviors)
quantifies the relationship between the continuous physical ac-
tivity (types, intensities, calories, distances, durations, and more)
technology-reported by a wearable device (e.g., Fitbit [13]) during
daily living and the physical activity self-reported a posteriori by the
participant through a validated questionnaire. One such question-
naire is the International Physical Activity Questionnaire (IPAQ,
[7]) which assesses levels of physical activity intensity (sedentary,
walking, moderate, vigorous) for the past seven days. The study
assesses physical activity by discovering behavioral patterns of
daily life unfolding in time and context, without burdening the par-
ticipant to simultaneously wear for comparison a second clinically
validated device (e.g., ActiWatch [25]).

A strong relationship between the wearable- and questionnaire-
reported intensities of physical activity would suggest that this
risk factor could be estimated by using the consumer wearable.
Fluctuations in the physical activity level over short-term periods
would yield to changes in the risk over long-term periods.

3.2 Study Participants

The participants are three people who own wearable devices and
are willing to enroll in health studies.

Aliceis amother with genetic diabetes risk. She wants to help her
mother Edna cope with diabetes, herself to monitor her metabolism,
and her daughter to avoid this disease altogether. Alice puts her
trust in research for the greater good, and her participation does
not depend on financial incentives.

Bob is a hardware programmer during the day, and a Quantified
Self [31] tracker during the night. He enrolls in studies which chal-
lenge the understanding of his behaviors and experiments with the
latest wearable features.

Charlie is a student on a mission to find more money to cover
rent and tuition in a big city. He is invited to many research studies
on campus and wants to use this in his favor. He enrolls in as many
studies as possible but invests as little time as possible in each.
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4 PARTICIPATION STORIES

From a participant experience perspective, at enrollment time, the
study would introduce the scientific purpose and research institu-
tion, enumerate the actions required by the participant, request the
legal consent, and ask for permission to unobtrusively access the
physical activity data from the participant’s wearable device.

4.1 Uniform Participation Story

Throughout the study (months to years), in its strictest setup, the
elapse of any contiguous seven day period with continuously col-
lected physical activity wearable data would trigger an ecological
momentary assessment [33] of the participant to assess own physi-
cal activity for the same period by responding to the questionnaire.
More likely, the study would relax this requirement and administer
the questionnaire more rarely, at moments seven days apart or upon
schedule (e.g., every Sunday evening).

In a basic setup, the interactions with each participant would
be concise, focused on the collected data. However, they would
also be uniform across all participants, as they would lack person-
alization. An example in the context of a chat conversation-based
study appears by Figure 1. After several weeks of contribution, the
participants will forget the goal of the research and the rationale
for joining it in the first place. In the absence of any personalized
interaction with the study, they will lose interest and abandon the
investigation.

4.2 Personalized Participation Stories

In an alternative setup, each participant is asked about the motivat-
ing factors to participate in health studies in general. For example,
a set of questions on the factors of motivation may be administered
at the moment of enrollment in the first study, soon afterward, or
split across the registrations to an early few studies deployed in
a shared medium. In the example, the questions are administered
before signing up for the first study.

Alice specifies she is motivated to help others, to gain personal
benefits, and by aspects in the study method. Within helping others,
she wishes to help her parent, her child, people like her, and future
generations. From the possible personal benefits, Alice is only inter-
ested in finding out if she respects the guidelines. In a study, she is
comfortable with answering questions from home in a chatbot but
is worried about the security of the data she shares. Figure 2 depicts
her choices in a possible set of questions. At enrollment time, these
factors determine Alice surpass the risk-benefit analysis in favor of
the benefits of participation. For Alice, her mother, her daughter,
and she can act as motifs of the story, on the background of rein-
forced total control and ownership of the data. Although the study
follows a standard data management protocol for all participants,
the study clarifies for Alice the protocol (e.g., a simple sequence of
steps), the data flow (e.g., a diagram with the entities and channels
of data transfer from wearable to research study storage), the en-
forced data security properties (e.g., anonymity and privacy, with
simple explanations), privacy statement (summary) and terms of
use (summary), ethics review board approvals, etc. A moment in
Alice’s participation story, containing a selection of the information
above, is depicted in Figure 3.
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Would you help research by answering 7
questions about your physical activity?

(®)

Yes No

We are interested in finding out about the kinds
of physical activities that people do as part of
their everyday lives.

During the last 7 days, on how many days did
you do vigorous physical activities like heavy
lifting, digging, aerobics, or fast bicycling?

None 1 2 &l 4 5 6 7

}
w

During the last 7 days, how much time did you
spend sitting on a week day? Write in the format

hours:minutes.
m »
3

This is the end of the questionnaire, thank you
for participating.

Figure 1: Uniform Story. The study interacts with each par-
ticipant within no story. While concise, this interaction does
not personalize participation. The pale green line indicates
the administration of the validated scale, characterized by
little flexibility in the presented information.

Bob is primarily interested in personal benefits: scientific discov-
eries and new technologies, as well as health guidelines. Then, he
is interested in the study method, specifically in using his wearable.
Similar to Alice’s case, he is notified to provide a momentary as-
sessment of personal physical activity, as depicted in Figure 4, and
the validated scale parts of the conversation are identical. However,
the presentation of his story focuses on wearable technology rather
than data security. It shows the data collected and the outcome of
the measurement in technical terms. However, it does not detail
the security properties of the data collected.

Charlie is laser-focused on the reward type of personal benefits
and prefers internet use, but is wondering whether other students
like him participate. In Figure 5, his story focuses on the financial
reward and the opportunity of meeting like-minded people.

5 ASSESSING MOTIVATION

Our lab models current behaviors towards preventing the onset of
disease in the future. While experienced in mobile development and
data analysis from longitudinal daily life wearable data, we have
difficulties in recruiting participants for our studies, such as the new
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Figure 2: Motivation Factors Selection by Alice. The selec-
tion assesses each participant’s motivation factors. First, the
participant rates the level of motivation for each of the four
areas. Then, for the areas which highly motivate, moder-
ately motivate, and mildly motivate participation, the per-
son can select more specific factors of motivations. The se-
lection resembles the areas and factors from our literature
review.

study on physical activity. For example, in the case of the physical
activity study, we recruited 18 participants and collected only 35
observations leading to moderate to high correlations, however only
on a minimal palette of physical activity intensities. The scarcity
of participants drove us to take one step back and investigate the
factors, challenges, and opportunities that affect the motivation to
participate in health studies in the first place.
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In this study, you help research help people like
Edna and future generations prevent Diabetes.

O

Physical activity now helps us understand how
Diabetes onsets later in life. See how

This study will only collect de-identified,
summary information from your participation:

Your wearable and you — identity, wearable, and
answer data — summarization and removal of
identification — summary of data without your
identity — study. See how in detail.

Would you help research by answering 7
questions about your physical activity?

Yes No

This is the end of the questionnaire, thank you
for participating.

Your wearable data and answers are being
de-identified, summarized, and then sent.

Also, congratulations! Your physical activity for
the past three weeks meets the World Health
Organization guidelines! Read more.

You and other 91 people in San Jose (237
people in California, 13981 people in United
States) contribute anonymously to help prevent
Diabetes in this study! Thank you! .

Figure 3: Personalized Story for Alice. The study interacts
with Alice through a story. While less concise, this interac-
tion personalizes participation with moments (green).

5.1 Building a Chatbot for Studies

To reach a wider audience, first to assess motivation and then to
enroll them into our studies, we are operationalizing a chatbot.
We found the chatbot to be the most appropriate (and yet lesser
used in the past) medium for conducting our research. The chatbot
is designed to assess motivation before the enrollment in a new
study, enroll participants in the first study for physical activity, and
monitor the participant retention and engagement for an initial
understanding of the motivation of participation. The chatbot can
be deployed onto multiple platforms (currently, Messenger [14] and
our website), and its conversation capabilities are implemented with
a third party builder (ChatBot.com [16]). An example of interaction
with the chatbot is depicted in Figure 6.
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In this study, people with Fitbit One wearables
help research prevent Diabetes.

O

Physical activity now helps us understand how
Diabetes onsets later in life. See how

It collects the calories, steps, distances,
durations, workouts, and recognized activities
from Fitbit. See how specifically

Would you help research by answering 7
questions about your physical activity?

Yes No

Yes -~

We are interested in finding ¢ 1bol

This is the end of the questionnaire, thank you
for participating.

Your Fitbit One wearable is accurate or you say
the truth. The difference between the wearable
data and your answers is less than one hour!

The average difference for the other 81 Fitbit
One owners in this study is 1Th 7'

Also, congratulations! Your physical activity for
the past seven weeks meets the World Health
Organization guidelines! Read more.

You and other 61 people in Austin (92 people in
Texas, 13981 people in United States)
contribute anonymously to help prevent
Diabetes in this study! Thank you! .

Figure 4: Personalized Story for Bob. The study interacts
with Bob through a story. While less concise, this interac-
tion personalizes participation with moments (green).

5.2 Advantages

We have identified numerous practical advantages for participants,
studies, and ourselves as developers by using a chatbot.

5.2.1 Easy Access for Participants. The Chatbots can be initiated
by navigating to an internet address and opening a conversation
in the favorite messaging system of the participant, available and
keeping its state across devices (e.g., phone, tablet, and desktop),
without downloading a mobile application.

5.2.2  Support for Participants. Chatbots allow for human interven-
tion in the chat conversations. This fact allows us as researchers to
resolve usability issues faster for early adopters.

5.2.3  Natural Language for Participants. From text fields filled with
natural language, the chatbot builder can automatically extract
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In this study, young people with wearables help
research prevent Diabetes.

O

Physical activity now helps us understand how
Diabetes onsets later in life. See how.

Your answers are de-identified, but your
participation is rewarded! Answering each
question below gives 1 reward. Answering all
questions gives 3 extra rewards.

Would you help research by answering 7
questions about your physical activity?

Yes No

&

We are interested in finding out about.

This is the end of the questionnaire, thank you
for participating.

You have gained 10 rewards for completing the
questionnaire. The rewards are available in your
account. Use them to convert to money there!

Also, other 11 people with the same age and
location joined this study! Would you like to get
in touch with them? See how,

Thank you for participating! , ,

Figure 5: Personalized Story for Charlie. The study interacts
with Charlie through a story. This interaction personalizes
participation with moments (green).

specific concepts (e.g., the topics of studies in which a participant
is interested) for further processing.

5.2.4  Flexibility for Studies. The user interface controls available in
the conversation (e.g., images, videos, text, links, text fields, buttons)
are sufficiently expressive for most studies. For more advanced fea-
tures (e.g., video recording, sound recording, location monitoring),
the chatbot can show in the conversation a responsive web window
to a website that implements them. The chatbot can render a web
window to a website for wearable signup in the same way.

5.2.5 Social Networks Leverage for Studies. The chatbot cannot
participate in conversations with more people. However, it can
unite two people through their discussions with it.

5.2.6 Programmatic Specification for Developers. For Developers,
the chatbot can be specified as code, reducing the risk of errors when
constructing it (traditionally, by navigating visual flows of parts of
conversations in a web dashboard) and opening the possibility for
automated testing and version control.
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©  Your answers help us find great studies for you:

How much do you want to help others?

© How much do you want to gain personally?

© How interested are you in the research topic?

© How influenced by the administration of study?

© Who would you like to help in a study?

4]

What do you want to gain from a study?

O What research topics interest you?

O Here are a few studies you may enjoy:

Study 2 Study 3 Study 4 Study 5 Study

©  Title of Study 4
Description for Study 4

Researchers - Ethics Approvals - Literature - ...

Goal - Scope - Tasks - Data - Protocols - ...

Consent of Study 4

Secure website of researchers

Data collected: type 1, type 2, type 3, ...
Give Study 4 access to your Wearable
- .

Thank you for giving Study 4 access

Moments in the story before the contribution

Secure website of researchers

Question

Moments in the story during the contribution

Thank you for helping Study 4

Moments in the story after the contribution

Figure 6: Interaction with the Chatbot. Assessment of moti-
vation areas and factors, selection and enrollment in a study,
secure wearable data signup, and contribution to the study
(yellow), story moments (green).
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5.2.7 Rapid Prototyping for Developers. The chatbot is adequate
for prototyping and experimentation in the nascent phase of our
studies. It allows developers to add, modify, and remove parts of
the conversation while participants use it.

5.2.8 Bidirectional Communication for Developers. The chatbot
also allows bidirectional communication with a server through
a secure transfer protocol, allowing developers to integrate with
usage monitoring platforms (e.g., Mixpanel [17]) and create the
next user interface controls in a conversation.

5.2.9 Noise Reduction for Motivation Assessment. When comparing
different moments for different groups of participants, we consider
a simple chatbot user interface control consistent.

5.3 Challenges

Along with the advantages, we have also identified several chal-
lenges, for which we wish to open for discussion possible ap-
proaches to reduce their impact.

5.3.1 Content Creation. Motivation-specific content can be vast:
success stories, general statistics showing global scale, statistics
showing local engagement, getting in touch with someone who
succeeded in one’s city, meet the researchers (in one’s city), enroll
one’s granny too, participate in similar studies, and others. They
can lead to a curated list of content proposed for researchers.

Upon creating a study, researchers may need to provide content
related to their studies continuously: endpoint to showcase results
(e.g., new paper published and its impact), new advances in the area
of the study (e.g., new gene found), further clinical trials, financial
incentives (based on participation, anticipation, variable surprise).
While all such content requires involvement from study owners, we
argue that the deployment of such updates is more straightforward
than deploying them from scratch.

5.3.2 Selection Bias. The additional dimension of motivation to
guiding participants towards and through studies may lead to fur-
ther fragmentation of the population of interest, potentially adding
to both self-selection bias (those people who are willing to use a
chatbot and consider the chatbot a trustworthy enough media for a
research study) and technology-selection bias (people see only stud-
ies which match their interests as assessed by our understanding
about them).

An approach to reduce the latter is to balance the studies which
relate to the expressed areas of interest and factors of motivation
with studies which relate less, but have a high potential impact (e.g.,
researching a widespread disease such as one of the top worldwide
killers [27], a condition relevant for the community of the partici-
pant, or a situation for which the participant’s demographics are
factors of risk). For short-term studies, population class imbalance
due to missing representatives sharing similar demographics with
the participant is an opportunity for impactful participation.

5.3.3 Self-Reported Motivation Data Provision. Figure 2 depicts
one of the possible orderings for surveying the motivation factors
and only one grouping of the areas and factors. However, some
participants may have noncommunicable preferences for other
arrangements. For example, some participants may prefer to answer
all questions at the start, others may prefer to respond immediately
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after enrolling in a study, others may prefer a separation (e.g., to
answer the topics of interest, then enrol for a study, and then clarify
the other motivation factors), others may be willing to specify their
preferences through ecological momentary assessments, and more.

This challenge adds a dimension to the feasibility of collecting
the motivation factors of the participants while minimizing any
adverse effect onto the study participation (e.g., too many questions
about motivation influence the participant to drop the physical
activity study faster).

5.3.4 Data Security. Currently, many chatbot platforms and builders
only encrypt the transfer channels: from the participant to the chat-
bot platform, and from the platform to the builder.

One temporary approach to protecting data is to collect sensitive
data through the web windows in the conversation (e.g., answers
about health data, enrollment for wearable data collection), at the
price of input method fragmentation for participants.

The builder plans to implement integrations with additional
platforms (e.g., WhatsApp [15]) that allow the end to end encryption
of all messages between the participant and the builder. The use of
such a platform would disallow it from accessing the contents.

5.4 Learning from Participation

Long-term participation creates the opportunity to construct partic-
ipation models, using as input baseline properties of the participant
(e.g., demographics, topics of interest, factors, and concerns for par-
ticipation, reasons for abandonment), initial features of study (e.g.,
goal, story, requirements, rewards), and properties of involvement
(e.g., responses to moments as markers for engagement, data col-
lection as marker for retention, outcome of completion or attrition)
that change in time.

A supervised learning model for participation can predict as
output the likelihood of a person with similar properties to stay
in a study for a given duration. Another model can use favor-
able/adverse reactions to moments as rewards/punishments for
reinforcement learning towards selecting the story that maximizes
retention/engagement for a given period forward. The creation of
models such as these is, to our knowledge, an unexplored area of
research to assess study participation motivation.

6 FUTURE WORK

Along 2019 we expect to recruit 60 participants in the physical ac-
tivity study from the H2020 WellCO project [21] with study partici-
pants of senior age from Denmark, Spain, and Italy (30 participants)
and the Sport & Wellbeing & Health Survey [8] with young and
athletic participants from Denmark (30 participants). They will be
invited to participate in the motivation assessment upon enrollment
in the physical activity study. Some of them are located in the same
city as ourselves, allowing us to assess the feasibility of both studies
more easily (e.g., meet with them in person).

We are building the chatbot (one of the authors is writing his
master thesis on this topic). In its first iteration, the chatbot will
implement the physical activity study and operationalize the mo-
tivation assessment for the participants who will have accepted
our invitation above. The bot will initially collect self-reported de-
mographic properties, motivation factors, and personality traits,
towards creating a baseline supervised learning model to predict
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the time to a participation event (engagement, retention), first with-
out administering interventions (personalized moments) in the case
study. Further, depending on the baseline results, we will experi-
ment with responses towards more advanced modeling.

We trust the HealthMedia workshop can help us improve our
preliminary research. We want to exchange experiences from other
researchers conducting human subject health studies. We are inter-
ested in further our understanding of the human and technological
factors of motivation to participate, as well as operational consider-
ations learned from practical experience, that can ultimately impact
participation (and how can they be measured feasibly, unobtru-
sively, and reliably). Then, we are interested in learning general
experiences from other studies operationalized less with purpose-
built mobile applications, and more on media where the participant
already spends a significant amount of time, such as the messenger.

7 CONCLUSION

Although substantial research foregrounded self-reported factors
that motivate participation in health-related human subject studies,
little research has been done to quantify the relationship between
motivation factors, personality traits, study properties, participa-
tion experience, and participation outcomes (enrollment, engage-
ment, and retention). We proposed an approach that constructs
personalized stories of participation with moments embedded in
the interactions of the study. Motivated by its opportunities, we
have chosen a chatbot to implement our studies and perform a
preliminary quantification of the relationship above, not without
challenges.
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Abstract Nowadays, the app stores host a variety of mobile health solutions. Smart-
phone users can choose from tens of thousands of applications, designed to prevent
or manage certain diseases, or induce behavior change to improve health and life
quality in general. However, the value of most applications remains unclear, as they
stop short from documenting adherence to medical evidence. We review the funda-
mental mobile health challenges and propose Mobile Quality of Life Lab (mQoL),
a mobile health platform which addresses the identified challenges and leverages
recent developments to facilitate the deployment of much-needed longitudinal,
multidimensional, evidence-based studies that are minimally obtrusive for the partic-
ipants, yet provide high value in terms of the collected datasets, as well as potential
for behavior change towards improving Quality of Life.

Keywords mobile application, longitudinal data, behavioral marker, self-assessment,
quality of life.
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Abstract

Nowadays, the app stores host a variety of mobile health
solutions. Smartphone users can choose from tens of thou-
sands of applications, designed to prevent or manage cer-
tain diseases, or induce behavior change to improve health
and life quality in general. However, the value of most ap-
plications remains unclear, as they stop short from docu-
menting adherence to medical evidence. We review the
fundamental mobile health challenges and propose Mobile
Quality of Life Lab (mQoL), a mobile health platform which
addresses the identified challenges and leverages recent
developments to facilitate the deployment of much-needed
longitudinal, multidimensional, evidence-based studies that
are minimally obtrusive for the participants, yet provide high
value in terms of the collected datasets, as well as potential
for behavior change towards improving Quality of Life.
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Mobile Application; Longitudinal Data; Behavioral Marker;
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ACM Classification Keywords
H.4.m [Information systems applications]: Miscellaneous

Introduction
There is a growing need for transdisciplinary efforts towards
understanding fundamental theories of Quality of Life (QoL)
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and linking these to an understanding of complex practical
problems related to assessing day-to-day individual’s QoL
[11]. According to the World Health Organization (WHO),
the QoL is “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” [4]. The QoL state is mainly influenced by
(un)healthy lifestyle over long periods (longitudinal) and
multiple dimensions (multidimensional) of behavior.

In parallel, personal, miniaturized devices have programmable

sensors which are becoming more accurate as technology
progresses [3] and collect multiple dimensions of data si-
multaneously, continuously, in time, and in context. Enabled
by them, mobile health (mHealth) apps have become the
artifact of choice for many recent exploratory and behavior
analytics and change studies, conducted by researchers
and companies alike. Within mHealth, participants engage
in data collection and interventions through numerous chan-
nels (e.g., text, audio, graphics, video [14]) and generate
device-collected behavioral markers and self-reports.

Interested individuals look for mHealth apps in the same
stores as any other apps [14], but as of today, there are
over 43 thousand mHealth apps [10]. Ideally, the apps
would enable effective behavior change towards QoL im-
provement in the long-term. However, the actual value
added by most is unclear due to a lack of medical evidence.
Additionally, for researchers, mHealth studies are challeng-
ing to conduct, as there is no open, versatile platform en-
abling the deployment of longitudinal, multidimensional, and
evidence-based studies.

mHealth challenges
SCIENTIFIC RIGOR: Poor scientific rigor characterizes most
mHealth apps. They do not identify, apply, or document be-

havior change theories and techniques [8]. Their studies
lack bias assessment in participant groups [1], miss control
groups [17], or contaminate them with (access to) interven-
tions [1]. They make recommendations without following
evidence-based medical guidelines and best practices [9]
and are not anchored in a real-life context. Regulation was
attempted by international bodies (FDA in the US, TGA in
Australia, MDD in Europe) and research initiatives [10], but
no definitive standard emerged, putting a burden of choos-
ing useful and harmless mHealth apps on the user.

HOLISTIC ASSESSMENT: In general, apps considering indi-
vidual participant characteristics, such as wellbeing, lifestyle,
personality, and changing needs, can facilitate a holistic
view [14], improve the effectiveness of interventions [12],
and keep participants engaged longer. Many apps, usually
commercial, focus on overall lifestyle, health, and wellbeing,
but with unclear effects of behavior change interventions.
Other research apps contain healthy behavior change inter-
ventions, e.g., combatting sedentarism or quitting smoking,
yet they focus only on preventing or managing specific dis-
eases, e.g., diabetes or dementia.

DATA DIMENSIONALITY: For behavior change, feedback
based on multidimensional data (e.g., physical and psy-
chological state) yields stronger motivation and avoids re-
porting flaws [16]. In some studies, multidimensional data
is necessary. However, few studies address multiple dimen-
sions [5] and few datasets integrate device data with other
data types [6], e.g., blood tests, not only because obtain-
ing the latter is difficult, but also because many researchers
choose self-reports instead of reliable data sources [9].

DATA TIMESPAN: mHealth enables the gathering of longitu-
dinal data, allowing the observation of short, medium, and

long-term effects. However, many studies continue to focus
on short-term data acquisition [5] and involve small sam-
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Figure 2: mQolL study standard
format (continued): scientific
evidence (behavior change and
medical), participation consent,
and participant signature.

ples of participants, ranging in the tens. Additionally, only a
few apps (e.g., [15]) are kept novel for prolonged periods,
leading to diminishing effects, interruptions in data collec-
tion, and attrition [1]. If larger samples were recruited, then
studies would continue to report small improvements, but
impactful over the whole population [5].

DATA CONTROL: mHealth apps provide the opportunity for
researchers to access and create massive datasets [9].
Apps need to manage these datasets securely and provide
complete and accurate information about data generation,
measurement, collection, retrieval, and analysis. However,
many apps even lack an adequate privacy policy [10].

MHEALTH BURDEN: Researchers are forced to treat the
mHealth app as only one aspect of the study, making it dif-
ficult to satisfy modern participant expectations regarding
maintenance, support, and updates [1, 5, 9] or implement
behavior change features (e.g., personalized messages,
reminders, or dashboards [13]). Instead, the harsh reality
is that researchers often need to keep the app alive in be-
tween rounds of funding.

To our knowledge, there is no holistic mobile app for re-
searchers and smartphone users to deploy and participate
in evidence-based longitudinal, multidimensional studies to
change behaviors and improve QoL in the long-term.

mQolL solution

Faced with these challenges ourselves and aiming at holis-
tic QoL assessment based on behavior change interven-
tions in our QoL technologies lab, we are researching a
Mobile Quality of Life Lab platform, denoted mQoL and op-
erationalized via a mHealth app in Apple iOS, bringing the
following benefits for researchers and participants.

RESEARCHERS can now only focus on designing the stud-
ies. They can obtain rich behavioral datasets by retrieving
longitudinal, multidimensional behavioral markers in time
and context, as well as self-reported demographic, medi-
cal, and QoL information from participants, all consented,
pseudonymized, and structured. The platform is designed
to accommodate only exploratory and interventional stud-
ies grounded in medical evidence. Its components are de-
sighed to maximize participant retention while minimizing
study participation burden.

PARTICIPANTS can make sense of behavior and life quality
and potentially change behaviors in the long-term, by using
only evidence-based studies. While participating, they re-
ceive personalized, timely, and contextual information from
studies, helping them monitor, observe, and reflect upon
daily life and its long-term health and QoL consequences.

mQoL architectural choices

STUDIES: The central concept of mQoL is the study, that
acts as a research template. Within a study, researchers
specify motivations and expectations, provide scientific
evidence, plan interventions, specify the needed types of
device-reported data, and schedule the retrieval of self-
reported data. All studies follow a standard format. Fig-

ures 1 and 2 depict a study in this format, on behavior change

for reducing cardiovascular disease risk, a current topic in
our research. mQoL also allows parallel tracks within the
same study, enabling, e.g., both control and intervention
groups to participate. We call studies that do not require
active participation, e.g., self-reports, silent. To avoid con-
tamination of control and intervention groups, mQoL allows
at most one non-silent study participation at a time.

DEVICE-REPORTED DATA: mQoL uses device-reported in-
dividual health data and smartphone usage data. Health-
related data is generated, measured, and collected on the



mQolL surveys

QoL survey: provides a
basic, yet holistic view of the
participant’s QoL. It is based
on, e.g., the WHOQOL-
BREF [4] validated scale
and ideally collected every
two weeks.

Demographic survey:
helps researchers recruit
samples of interest for stud-
ies. It contains questions
about, e.g., the age, gen-
der, and country, and it is
collected rarely.

Medical survey: helps
researchers recruit sam-
ples of interest, personalize
health-related behavior
change interventions, and
avoid silly recommenda-
tions. It includes questions
about medication, partici-
pant diseases, and family
history, and it is collected
infrequently.

Personal survey: allows
participants to provide con-
tact information, e.g., emalil
or phone, to receive updates
about new studies on those
channels.

device, continuously, unobtrusively, and independently of
the app. All such data can then be retrieved by each study
upon consent. Additionally, mQoL allows researchers to de-
sign custom tasks in studies, e.g., asking the participant to
perform a short-term activity such as a six-minute walk test,
from which device-reported data is collected.

SELF-REPORTED DATA: mQoL allows studies to design and
schedule self-reported surveys and request access to any
of the following self-reported surveys, shared between stud-
ies: a Quality of Life survey, a demographic survey, and

a health survey. An additional personal self-reported sur-
vey is only visible to mQoL providers. For details, see the
mQoL surveys side note.

MoDULES: mQol for participants is organized in five tabs,
each tab having its modules (Figure 3). (1) The Data tab
contains modules for managing retrieved data: which stud-
ies retrieve which data, and options to pause, restore, stop,
and delete each type of data within each study. (2) The Ex-
plore tab contains two lists with the active and available
studies. From this tab, participants can see information
(e.g., dashboards) in active studies and can signup for an
available study. When the number of studies increases in
our app, we plan to design an onboarding feature to help
participants choose those that suit their interests and can
benefit them most. (3) The Account tab contains mod-
ules for managing the token and for answering all shared
self-reported surveys. (4) The Settings tab contains the
privacy policy, terms and conditions, and other minor func-
tionalities, e.g., notification management. (5) The Control
tab is the main entry point in the app. It contains transient,
inversely chronological cards, which provide information

or require action inside modules of the other tabs. Some
cards can be announced by notifications with reminders
and personalized messages. See a clickable mock-up at

http://bit.ly/mobileQoLlab.

TECHNOLOGIES: mQoL leverages the Apple iOS platform,
for several reasons. First, the App Store has a stricter re-
view process than other platforms, yielding to more qual-
itative apps. Then, iOS allows device-reported and self-
reported data collection via often-used and well-documented
frameworks, making study design and participation expe-
rience familiar. Last, Apple continues to invest in digital
health at scale (e.g., they released an API for electronic
health records in June 2018). For details, see the mQoL
technologies side note.

mHealth challenges vs. mQoL

SCIENTIFIC RIGOR: By reviewing the mandatory scientific
sources included in the studies and their implementation,
including requiring an external review, e.g., an ethical ap-
proval, mQoL ensures all studies rely on the latest medical
evidence. While this model is strict and laborious, it helps
mQoL become the authoritative app for scientific studies
researchers and participants ultimately need.

PARTICIPANT ASSESSMENT; DATA DIMENSIONALITY AND
TIMESPAN: mQoL addresses these challenges through
the retrieval of continuous device-reported and scheduled
device- and self-reported data, performed in parallel and
over long periods as part of studies.

DATA CONTROL: For pseudonymous data retrieval, upon in-
stalling mQoL, the participant sets up a foken. This token
(and no other personal information) will identify the data re-
trieved from the participant. Such an approach has been
used in recent health studies [7]. For retrieving data, each
study requests only the most granular data types it needs,
e.g., physical activity — walking — steps — daily count.
However, for studies which need to transfer data out of the
device, the app securely transmits data upon separate con-



mQolL technologies

Apple HealthKit: frame-
work used to collect

and retrieve individual
health data, including
electronic health records
(since June 2018). https:
/Ideveloper.apple.com/healthkit/

AWARE: framework used to
collect and retrieve smart-
phone usage data. http:
/lwww.awareframework.com/

Apple ResearchKit:
framework used to de-

sign consents, surveys, and
tasks for the participant.
https://developer.apple.com/
researchkit/

Charts: library used to draw
interactive dashboards.
https://github.com/danielgindi/
Charts

Open mHealth: schemas
used as a format for
health data exported
outside of the device.
http://www.openmhealth.org/

Parse: library used to export
data to the mQoL Smart Lab
[2], which uses this technol-
ogy. https://docs.parseplatform.
org/ios/guide/

—_—

Figure 3: Conceptual architecture of mQoL: tabs and modules.

sent. To retrieve or export data, mQoL needs to send the
participant a notification, which implies a permission re-
quest for every processing.

MHEALTH BURDEN: mQoL simplifies study deployment for
researchers, by providing a platform that provides a format
for designing studies as well as well-documented and often-
used frameworks and libraries for consents, tasks, health
data, usage data, and survey data, helping them worry less
about app maintenance or study survival.

Conclusion and further work

We reviewed the benefits, needs, and shortcomings of the
mHealth domain and observed that there is no holistic plat-
form for researchers and smartphone users that allows
them to conduct and participate in evidence-based longi-
tudinal, multidimensional studies. We propose mQoL, a
mobile platform designed to addresses this gap as well as
the ardent needs of mHealth in general, with the potential
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of being leveraged in numerous evidence-based studies, to
change behaviors and improve QoL. The research is ongo-
ing, and at the moment we are looking into ways of stream-
lining the study designs for researchers, as well as putting
in place mechanisms to evaluate evidence basis for studies.
However, it is real-world studies that can ultimately validate
mQoL. The first study is our project on behavior change for
reducing cardiovascular disease risk, to be deployed later
this year. Medical experts engaged in the project will pro-
vide feedback on the mQoL platform and study designs.
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Abstract Individuals increasingly use mobile, wearable, and ubiquitous devices
capable of unobtrusive collection of vast amounts of scientifically rich personal
data over long periods (months to years), and in the context of their daily life.
However, numerous human and technological factors challenge longitudinal data
collection, often limiting research studies to very short data collection periods (days
to weeks), spawning recruitment biases, and affecting participant retention over time.
This workshop is designed to bring together researchers involved in longitudinal
data collection studies to foster an insightful exchange of ideas, experiences, and
discoveries to improve the studies’ reliability, validity, and perceived meaning of
longitudinal mobile, wearable, and ubiquitous data collection for the participants.

Keywords longitudinal study, human-subject study, human sensing, mobile device,
in-situ, panel technique, attrition.
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ABSTRACT

Individuals increasingly use mobile, wearable, and ubiquitous de-
vices capable of unobtrusive collection of vast amounts of scientifi-
cally rich personal data over long periods (months to years), and
in the context of their daily life. However, numerous human and
technological factors challenge longitudinal data collection, often
limiting research studies to very short data collection periods (days
to weeks), spawning recruitment biases, and affecting participant
retention over time. This workshop is designed to bring together
researchers involved in longitudinal data collection studies to fos-
ter an insightful exchange of ideas, experiences, and discoveries to
improve the studies’ reliability, validity, and perceived meaning of
longitudinal mobile, wearable, and ubiquitous data collection for
the participants.
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1 MOTIVATION

There is a need for longitudinal data collection (LDC) in human sub-
ject studies for accurate observational and intervention purposes,
especially in the health domain, as the long-term repetitive behav-
iors and lifestyle choices influence individuals’ health outcomes and
quality of life (QoL) in the long term. However, oftentimes, data col-
lected over long periods mainly relies on repeated, but momentary
self-reports. Mobile, wearable, and ubiquitous (MWU) devices can
unobtrusively collect continuous data that provides numerous ben-
efits unavailable otherwise, e.g., help to uncover gradual changes
in behaviors related to aging [6], assess the risk of chronic diseases
[2], support the disease diagnosis [22], and understand medication
compliance [8], all of which add value to optimize interventions,
increase longevity, and improve QoL in the long term.

2 LONGITUDINAL MWU STUDY FACTORS

Numerous factors affect the quantity and quality of MWU data
collected during long-term research studies, particularly in the
areas of wellness, health, and quality of life.

Participants’ attitudes towards self-monitoring, overall goals
toward health and fitness, values and desires at a given time, and
concerns over data security are only a few human factors in the
participants’ recruitment phase, as well as data collection [15].
Other factors include mismatches between the service expectations
and user experience, the discomfort with the presented information,
and the effort needed to use the MWU device in daily life [4, 14].
Long-term compliance follows from device usage behaviors (e.g.,
weekdays vs. weekends, working days vs. holidays) and the purpose
of behavior monitoring (e.g., daily steps for sedentary individuals
vs. fitness levels for achievers) [13].

Technical factors include high data dimensionality, hetero-
geneity, temporal dependency, sparsity, irregularity, noisiness, ambi-
guity, and redundancy [15]. Potential interaction-related reasons for
study abandonment include potential platform issues, e.g., tracking
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accuracy, usability issues, synchronization problems, and battery
life [14].

These factors pose significant challenges not only on the po-
tential study participants, providing their datasets and striving for
minimal obtrusiveness and maximum gain (including monetary
incentives), but also the study owners, aiming to maximize data
quality and results’ generalization.

3 LONGITUDINAL MWU STUDIES

Longitudinal studies were deployed in the past. From the perspec-
tive of the number of participants, at the lower end lie studies
performed at repeated intervals in independent labs involving tens
of participants by using, for the time of the lab study, single-purpose
MWU artifacts that collect data for specific behaviors (e.g., physical
activity on a treadmill, sleep with an oximeter for one night). At the
higher end, longitudinal studies involving hundreds of thousands
of people across generations and decades traditionally only contain
data provided by the clinician into healthcare systems, e.g., dur-
ing visits [20] and self-reported data provided by participants via
unassisted questionnaires, e.g., mailed regularly [3]. Recently, some
studies included MWU data (Table 1). However, due to the high
effort and price of LDC at scale, they remain limited to a few days
or months of data. Large-scale longitudinal human subject studies
routinely leveraging MWU data are rare, and some are ongoing
(Table 2).

Improving the quality of the results is essential for the scientific
community. Longitudinal study designs with MWU data can bene-
fit by unobtrusively collecting accurate data from daily life, from
representative samples of participants, over long periods, where
behaviors unfold. However, such studies are difficult in practice.

4 WORKSHOP OBJECTIVES

The workshop provides professional space for researchers to share
ideas, approaches, methods, tools, frameworks, and other insights
that enable the collection of reliable and valid longitudinal MWU
data. The workshop aims to present and discuss state of the art
methods for longitudinal MWU data collection in human subject
studies. We aim to discuss ideas to minimize participants’ burden
while maximizing their retention. Such studies contribute relevant
data to support the replicability of the study results that will create
value for researchers and participants alike. Then, we aim at map-
ping the challenges into the implications for the design of human
subject studies that will drive this line of research in the coming
years. Finally, we aim to foster collaboration among researchers
working in this area.

5 WORKSHOP CONTRIBUTIONS

We accepted three papers for publication and presentation at the
workshop. Vasconcelos et al. [24] discuss the challenges and lessons
learned in four longitudinal studies with older adults and chronic
disease patients in the context of assessment of self-care technolo-
gies. Majethia et al. [16] design a long term data-driven study on a
finite student population of a residential university campus to gain a
comprehensive understanding of how groups form and evolve over

Manea et al.

Original Study  Sub-Study Involving MWU Data

Framingham
Heart Study

N=790 participants from the original
cohorts of the Framingham Heart
Study monitored blood pressure

and heart rate for 12 weeks with the
Nokia-Withings BP-801 blood pres-
sure cuff and the Apple Watch Gener-
ation 0 smartwatch. 44% of those who
received at least one device provided
data in the last week [18].

N=830 participants from the original
cohorts of the Framingham Heart
Study participants monitored sleep
for at most two consecutive nights
with MyCardio and Nonin devices for
for electrocardiogram and oximetry,
respectively [11].

Framingham
Health Study

National Health
and Nutrition
Examination and
Survey

N=11.959 participants (4.028 youth
and 7.931 adults) monitored physical
activity for 8 hours (minimum) in 3
days (minimum) with the ActiGraph
AM-7164 accelerometer [10].

Nurses’ Health N=121.700 (Period I, since 1976),

Studies N=116.678 (Period II, since 1989),
N=280.000+ (Period III, since 2010)
shared wearable physical activity and
sleep (7 days, 4 times/year) [5].

UK Biobank N=103.712 participants (44.8% re-

sponse) monitored physical activity
for 6.9 days on average with the Axiv-
ity AX3 accelerometer [9].

Women’s Health  N=16.741 participants monitored phys-

Study ical activity for 10 hours (minimum)
in 4 days (minimum) with ActiGraph
GT3X+ accelerometer. [19]

Table 1: Longitudinal Studies with Rudimentary MWU Data

time. Van Berkel et al. [23] propose the use of game theory in longi-
tudinal mobile sensing deployments towards capturing contextual
morality while keeping a high level of engagement.

The papers published in this workshop contribute in, but not
limited to, the following areas: elaboration on human, technological,
and other significant factors influencing the design and execution
of the LDC in human subject studies [23, 24]; approaches that are
likely to increase the quality of MWU data collected as part of sci-
entific studies or identify participant groups likely to exhibit high
compliance [24]; methodologies to assess and improve retention
for a representative sample of participants and specific metrics,
e.g., engagement, interruptions, consistency, or time to abandon-
ment [23]; novel findings and lessons learned from past or existing



LDC ’19: International Workshop on Longitudinal Data Collection in Human Subject Studies

Study Description

AllOfUs N=1.000.000+ US residents. Behavioral
and medical outcomes assessment. In

recruitment.

Heart eHealth N=1.000+, cardiovascular health, in-
Study tegrates with 9 wearable and mobile
data providers.

Kavli Human N=10.000 New Yorkers from 2500

Project households for 20 years. In recruit-
ment.

mQoL Living Lab  N=1.000+, integrates with 4 wearable
and mobile data providers. Multiple
studies.

MyHeart Counts ~ N=48.900+, cardiovascular health,

mobile application collecting health
data (7 days).

Open Humans N=4.800+, integrates with 20+ genetic,
wearable, and mobile data providers.

Multiple studies.

N=10.000 US residents for 5 years,
integrates mobile and wearable data.
In recruitment.

Project Baseline

Social Fabric
Project

N=1.000 Danish students given a mo-
bile device that logged their social
interactions.

Table 2: Ongoing Longitudinal Studies with MWU Data

LDC studies conducted in the user’s context, implying qualitative,
quantitative, or mixed analyses [24]; and techniques or methods to
analyze the representatives and quality of collected longitudinal
MWU data [16].

6 WORKSHOP SUBMISSION

The accepted papers were submitted in two iterations. In the first
iteration, each article received reviews from three committee mem-
bers, who collectively decided to accept them conditionally. In the
second iteration, the authors argued for their paper and submitted
revised versions. While there are only three papers accepted, we
welcome all interested conference attendees to the workshop and
expect 10 to 20 participants in total.

7 WORKSHOP SCHEDULE

The proposed workshop on Longitudinal Data Collection is planned
to cover a half day. Following a round of introduction by all at-
tendees, we expect a keynote speech by a senior researcher with
extensive experience in conducting longitudinal studies. Following
the keynote, the organizers will introduce the papers, after which
the respective authors will present their work for 10-20 minutes.

UbiComp/ISWC Adjunct *19, September 11-13, 2019, London, United Kingdom

Time Activity
09:15-09:30 Opening Notes

09 :30—10:00 Keynote

10: 00 —11: 00 Presentations
11:00—-11:15 Coffee Break
11:15-12:15 Brainstorm Sessions
12:15-12:30 Lessons Learned
12:30-12:35 Closing

18:00 — ... Joint Dinner

Table 3: Workshop Schedule

Following the presentations, all attendees will contribute to a work-
shop and discussion to identify the implications for the broader
research agenda. An organizer (KW) will summarize the results
of the ongoing discussions and present them to the audience in a
session of lessons learned elicitation. We expect these findings to
fuel dialogue over dinner and spark future collaborations among
attendees. The workshop will have a break aimed at incentivizing
attendees to discuss between themselves. Finally, attendees are
invited to a joint dinner. The schedule is depicted in Table 3.

8 WORKSHOP ORGANIZERS

The organizers gained vast experience in LDC studies. Prof. Wac is
the principal investigator (PI) in the mQoL Living Lab [7], Alexan-
dre, Allan, and Vlad conduct LDC studies in the same lab. Prof.
Holten Mgller researches qualitative methods assuring quantitative
data quality collected in situ, especially in healthcare settings [12].
Prof. Bayer is the chief scientist in The Kavli Human Project [1],
Prof. Ashley is the PI of MyHeart Counts [17], and Prof. Lehmann
was the PI for Social Fabric Project [21]. All organizers learned
hard lessons on longitudinal study design and execution, and study
participant retention, also related to, amongst the others, the MWU
choices, above and beyond the protocols’ timeframes.

Vlad Manea is Ph.D. student in computer science at the Uni-
versity of Copenhagen, Denmark. His research interests include
ubiquitous computing, mobile health, and machine learning.

Allan Berrocal is Ph.D. student in computer science and Swiss
Government excellence scholar at the University of Geneva, Switzer-
land. His research interests include human-computer interaction,
pervasive and mobile computing, mobile health, and human stress.

Alexandre DeMasi is Ph.D. student in computer science at the
University of Geneva, Switzerland. His research interests include
pervasive and mobile computing, quality of experience, context
awareness, and machine learning.

Naja Holten Mgller, Ph.D. is assistant professor of computer
science at the University of Copenhagen, Denmark. Her research
interests include computer-supported cooperative work, human-
computer interaction, science and technology studies, ethnography,
and workplace studies.

Katarzyna Wac, Ph.D. is associate professor of computer science
and leader of the Quality of Life Technologies Lab at the University



UbiComp/ISWC Adjunct *19, September 11-13, 2019, London, United Kingdom

of Copenhagen, Denmark and the University of Geneva, Switzer-
land, affiliated with Stanford University. Her research interests in-
clude pervasive and mobile computing, behavior modeling, digital
health, quality of experience, and quality of life.

Hannah Bayer, Ph.D. is the chief scientific officer at Datacube
and former research associate professor at the New York Univer-
sity, United States. Her research interests include decision making,
human condition, big data, and urban studies.

Sune Lehmann, Ph.D. is professor of computer science at the
Technical University of Denmark. His research interests include
complex networks, social networks, social data.

Euan Ashley, Ph.D. is professor of cardiovascular medicine at
Stanford University, United States. His research interests include
genomics, precision medicine, inherited cardiovascular disease, per-
sonalized medicine, and cardiomyopathy.

9 SUMMARY

The Workshop on Longitudinal Data Collection foregrounds con-
tributions and facilitates discussions focused on the methods, tools,
and frameworks for collection, analysis, and interpretation of hu-
man subjects’ data obtained over long periods. This workshop is
not only a valuable but also a timely and relevant addition to the
UbiComp conference and the community at large.
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Abstract Human subject studies with mobile users are widely used to understand,
and model, human aspects such as behaviours and preferences, in the lab and in
the wild. These studies usually employ mixed methods, collecting data by active
participation and passive sensing using interactive, mobile, wearable, and ubiquitous
devices. Researchers rely on a software platform to design and execute their studies,
but existing solutions require a steep learning curve, allow little control, and offer
limited guarantees. Our research lab built the mQoL-Lab platform using open source
technologies, and evolved it to a durable and reliable software ecosystem in over
ten mobile subject studies along eight years across three countries. In this paper, we
share the acquired experience via tangible artifacts such as requirements, architec-
ture, design, step-by-step support, configuration scripts, and recommendations for
researchers to construct a software platform supporting mobile subject studies. The
paper is especially relevant for researchers embracing short-term to longitudinal,
observational or intervention-based studies, leveraging mixed methods, including
multiple devices, and tens to hundreds of simultaneous participants.

Keywords mobile study, mobile platform, mixed methods, passive sensing, mobile
interaction, wearable devices, data collection.
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Abstract

Human subject studies with mobile users are widely used to understand, and model, human aspects such as behaviours and
preferences, in the lab and in the wild. These studies usually employ mixed methods, collecting data by active participation and
passive sensing using interactive, mobile, wearable, and ubiquitous devices. Researchers rely on a software platform to design
and execute their studies, but existing solutions require a steep learning curve, allow little control, and offer limited guarantees.
Our research lab built the mQoL Lab platform using open source technologies, and evolved it to a durable and reliable software
ecosystem in over ten mobile subject studies along eight years across three countries. In this paper, we share the acquired experience
via tangible artifacts such as requirements, architecture, design, step-by-step support, configuration scripts, and recommendations
for researchers to construct a software platform supporting mobile subject studies. The paper is especially relevant for researchers
embracing short-term to longitudinal, observational or intervention-based studies, leveraging mixed methods, including multiple
devices, and tens to hundreds of simultaneous participants.

© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the Conference Program Chair.
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1. Introduction

Human subject studies with mobile users in the wild, i.e., outside the research lab, are widely used as a method
to better understand human behaviours which occur in the context of daily life, or intervene with behaviors, in case
of intervention-based studies. These studies usually imply the use of mixed methods, e.g., qualitative self-reported
outcomes referred to as “Participant Provided Outcomes” (inspired by “Patient Reported Outcomes” or PROs from
the taxonomy of clinical outcomes [30]) leveraging methods such as Ecological Momentary Assessment (EMA)
[33], Day Reconstruction Method (DRM) [23], or longer multi-item surveys. The studies also involve quantitative,
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technology-reported outcomes (TechROs [30]) from data collected passively [9] by interactive, mobile, wearable, and
ubiquitous IMWU) devices. Typically, researchers utilize a software platform to conduct the mobile subject studies.
Some platforms are paid-per-use, open source, or custom-made by their research group. Selecting or developing
a platform to conduct studies appropriately is a nontrivial task, especially for research labs with limited access to
software engineering resources or expertise.

Existing platforms partially address this shortcoming by providing off-the-shelf products, or stand-alone compo-
nents, rich in functionality for mobile subject studies, such as smartphone sensor data collection or survey adminis-
tration. However, they require a steep learning curve which involves the exploration of the feature set, only a fraction
of which is often needed, or used in a study. Also, because they are offered as is, there are few guarantees for support
and troubleshooting. Additionally, because mobile subject studies collect personal data, they are inherently subject
to strict ethical and legal regulations, such as the General Data Protection Regulations (GDPR) in the EU, or the
Health Insurance Portability and Accountability Act (HIPAA) in the USA. Research labs require robust and flexible
infrastructures to satisfy changing needs on a timely manner. However, without coordinated planning, and a suitable
technical infrastructure, labs resort to creating disparate infrastructures which are difficult to maintain and reuse. As a
result, attempts to build platforms result in artefacts which fall short from bringing long-term benefits.

Our research lab conducts mobile subject studies collecting behaviour and health-related data from IMWU devices
(e.g., smartphones and wearables) to support behaviour assessment. To this end, our lab has incrementally developed
the mQoL Lab platform [11], a robust and flexible ecosystem based on a combination of open source dependencies
and custom components since 2011. We deployed and used instances of our platform to conduct mobile subject
studies in parallel, within separate research areas, study populations, mixed methods, technical environments, device
heterogeneity, and data security regulations mandated by ethical protocols in Switzerland, Denmark and the USA.

The main contribution of this paper is the description of the mQoL Lab platform to conduct mobile subject studies.
Over time, we revised the platform to support studies matching our growing research needs. We therefore find it
relevant to describe and share its overall architecture with the community. This paper presents the architecture of the
platform and provides key insights for designing, developing, maintaining, and evolving a platform by following these
guidance. Our lessons learned and guiding advice are relevant for researchers who are preparing to conduct mobile
subject studies involving simultaneous participants (tens to hundreds), from a few days to several years, by employing
qualitative, quantitative, or mixed research methods, potentially across geographies.

2. Characterizing Human Subject Studies
2.1. Constituents and Data in Human Subject Studies

Human subject studies usually have three constituents: two “actors” - participants and researchers - and the “sys-
tem”. Fig. 1 shows the study participants on the left hand side, and the researchers conducting the study on the right
hand side. The system is depicted in the middle, as it enables the data collection from participants, by using artefacts
such as IMWU devices, and data analysis by the researchers. For instance, in human-computer interaction, during
mobile subject studies, the collected data pertains to the interaction between the participant and the artefacts in con-
text; in behavioural science, the collected data pertains to the participant behaviours in context, as measured by the
artefacts.
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In mobile subject studies, researchers typically incorporate both qualitative and quantitative data. Qualitative data
is usually collected from surveys (whose outcomes rely on scoring of a validated scale). Smartphones can facilitate
the collection of data from surveys.

Quantitative data is usually obtained as TechROs collected through passive sensing by IMWU devices (often from
the context of daily life). For example, commonly used data from the smartphone itself includes: position and orienta-
tion, applications usage, notification events, screen events, network connectivity, ambient light, ambient temperature,
battery level, as well as more personal traces such as recognized physical activity, geographical location, ambient
sound, calls, messages, audio and video. Data from wearable devices can be of physical (e.g., steps, energy expendi-
ture, distance, and duration of physical activity as well as sleep) and physiological (e.g., electrodermal activity, heart
rate, heart rate variability, respiration, glucose levels) nature, as well as other types [35]. After the data collection, re-
searchers typically perform extraction and analysis on both qualitative and quantitative data by following, for example,
an iterative hypothetico-deductive approach [28].

2.2. Requirements of Mobile Subject Studies

This section describes common requirements for a research platform to conduct mobile subject studies. These
requirements illustrate important functionalities associated with the three constituents identified in Fig. 1: the par-
ticipants (R1-R4), the system (R5-R8), and the researchers (R9-R11). Instead of using a strict software engineering
requirements decomposition, we present them as a combination of functional and non-functional requirements in
Table 1. In this context, functional requirements refer to the scope of the system, and stem from study objectives,
and researcher investigation experience. Non-functional requirements stem from necessary system properties (e.g.,
usability aspects for participants and researchers) and researchers’ need for gradual automation within the system.

We do not claim that the list of requirements of the mQoL Lab is exhaustive. Instead, the requirements emerged
over time in the following four life stages of the platform:

Stage 1: Our research began in 2010, in Switzerland, by instrumenting smartphones with a sensor data-logger
(acceleration, location, network, screen, applications used, battery state, among others) for brief periods, covering
requirements R1, R7, R8 and studies [6, 7, 14, 20, 21, 22].

Stage 2: Then, in 2017, as we were repeating steps for every study in Switzerland and the USA, we evolved the
sensors data-logger into a platform that allowed parallel studies with separate configurations, covering requirements
R2, R3, R4, R6, R9 and studies [4, 12, 13].

Stage 3: Afterwards, the sensing capacity from smartphones increased, but hardware and software restrictions and
policies (from Google and Apple) limited access from development frameworks, which forced updates to the platform.
At the same time, adoption and measurement accuracy of wearable devices for daily life outcomes made significant
progress. Thus, in 2018 we updated the platform to support a set of consumer-friendly wearable devices, covering
updates to requirements R4, R7, R8 and studies [10, 26, 29, 36].

Stage 4: Finally, driven by recent data protection regulations in different countries (specifically, Switzerland, USA
and Denmark), in 2019, we enhanced the platform to easily allow re-instantiations, covering requirement RS, R6, and
partly R11, with a completed study [2]. Re-instantiations enabled us to deploy the platform to the Stanford University
Hospital where we are currently conducting a study for clinical patients collecting longitudinal data from multiple
sources: self-reports, peer-reports [2], and technology-reports (mobile application and wearables simultaneously).

2.3. Existing Platforms for Mobile Subject Studies

Research using mobile devices is naturally growing, as smartphones become more ubiquitous. Some researchers
created their own mobile applications to record passive data, especially from Android smartphones [34, 1, 27, 8].
Moreover, some research groups developed mobile applications, as well as larger platforms made available for other
researchers [16, 27, 24]. Table 2 depicts some of the most popular mobile sensing solutions used in previous research.
The systems listed there have slightly different focus areas, but share the common goal to support research in mobile
sensing. The first two solutions (AWARE [16] and Sensus [27]) are sufficiently equipped to support mobile subject
studies (we label them as mobile frameworks in Table 2). For instance, they work in multiple operating systems
(Android and iOS) supporting both passive and active data collection. SensingKit [24] is a specialized library that
simplifies the interaction with on-board smartphone sensors. The other solutions in Table 2 are not actively maintained.
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Table 1: Requirements and their corresponding motivations for mobile subject studies
Requirement Motivation
Requirements for study participants

R1  Participants can provide consent Participants should be minimally required to have access to a web browser. For most studies, they are (addi-
and take part in studies at home, tionally) required to own an IMWU device, such as their own smartphone or wearable. At times, they receive a
over the internet (functional). device in temporary or permanent ownership. More than 65% of participants prefer being able to contribute to

the study at home, over the internet [5].

R2  Participants can control presence in  Participants should receive clear information about the institution, purpose, contributions, and data collected

a study (functional). from the study. They should be able to start, pause, resume, stop, and delete their participation from the study at
any time, and at no cost. Trust in the research is an important factor for participation in studies [5]. Transparency
minimizes concern and confusion while giving informed consent to participate [15].

R3  Participants can control data provi-  Participants should receive clear information about the collection, storage, and analysis of their data as part of

sion (functional). the study. They should be able to start, pause, resume, stop, and delete their data at any time and at no cost.
For example, participants should be able to answer or skip surveys and authorize/deauthorize IMWU devices.
Allowing control and authorization is a determinant factor for individuals to participate in studies [15].

R4  Participants can contribute to stud-  Participants should be able to contribute to a study (either in the wild or in the lab) by providing passive sensing
ies in the lab and in the wild (func-  (e.g., using a smartphone or wearable device), active involvement (e.g., answering surveys), or a combination
tional). of both, depending on the measured outcomes of the study [31] defined by the researcher.

Requirements for study researchers

R5  The mobile data server can be eas- The mobile data server should allow deployment on Linux-based host environments with minimal a priori de-

ily re-instantiated (non-functional).  pendencies. Components should use as much as possible free-of-charge, widely-used, secure, and open-source
technologies. Deployment should take only a couple of days in a new environment, with minimal learning
curve.

R6  The mobile data server can unify The mobile data server can pseudo-identify participants across their data sources (e.g., by assigning each par-
in-study data from the same partici-  ticipant a random identifier and separating it from personally identifiable data, such as a set of demographic
pant (non-functional). data points). Data from multiple sources can be aligned in time. Internal identification is necessary to retrieve

and delete information about participants.

R7  The mobile data server can support  Mobile clients should be temporarily self-standing while collecting data in geographically remote experimental
offline data (non-functional) settings, and eventually synchronize with the server.

R8  The mobile data server can manage Data management includes collection, storage, extraction, and analysis. These processes should be compliant
the participant data within safety re- ~ with regulatory bodies, and data protection regulations. Security and privacy concerns are an important factor
quirements (non-functional). for participants to share their data [25, 18], e.g., by supporting participant consent, and their right to withdraw

from the study at anytime.
Requirements for the system

R9 Researchers can manage separate Researchers should be able to add, modify, and remove features for each study. Study editing should be possible
features in studies with minimal  while the study is in progress, to adapt to preliminary findings in the study. For example, researchers should be
programmatic changes (functional).  able to change survey questions, or swap IMWU devices. Researchers should be able to reuse features across

multiple studies. Meeting this requirement enables quick iterations of hypothesis and deduction.

R10 Researchers can administer inter- Researchers should be able to reach anonymous participants, either manually or automatically, potentially from
ventions (functional). real-time data analysis (e.g., by means of push notifications).

RI1 Researchers can analyze in-study Researchers should be able to programmatically extract data for a study by using, e.g., queries. The data ex-

data (functional).

tracted should allow visualization, summarization, statistics, and machine learning processes, which can start
on the platform and continue to a capacity limit which depends on the host environment. Researchers should be
able to monitor participant retention and engagement with the study, to assess data quality.

Table 2: Overview of popular mobile sensing solutions and general characteristics

Name Platform Research Methods Mobile Framework Maintained’
AWARE, 2015 [16] Android, i0S Smartphone sensors, EMA Yes Yes

Sensus, 2013 [27] Android, i0S Smartphone sensors, EMA Yes Yes
SensingKit, 2016 [24] Android, i0S Smarphone sensors No Yes

Paco, 2014 [19] Adnroid, i0S EMA No Fair
Ohmage, 2015 [34] Android, i0S Smartphone sensors, EMA No No

Funf, 2011 [1] Android Smartphone sensors, EMA No No

Emotion Sense, 2013 [27]  Android Smartphone sensors, EMA No No

Research Stack, 2016 [8]  Android EMA No No

T Self-assessed by the authors

as of May 2020.

Existing platforms such as AWARE [16] suffer from high specificity in terms of their ability to integrate with other
platforms, while others such as Sensus [27] are too stringent: customization involves considerable effort. Libraries
such as SensingKit [24] cannot support mobile subject studies on their own. All are provided on an as-is basis, with
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limited support and timely troubleshooting. Furthermore, libraries not actively maintained are at risk of obsolescence
due to the rapid evolution of mobile operating systems.

This paper makes a unique contribution by sharing a set of instructions and guidance from our experience on
numerous studies and experiments. We argue that researchers with long-term goals in mobile studies will benefit from
creating a robust and flexible platform of their own, which can be modified in time to support changing research needs.

3. The mQoL Lab Platform
3.1. Architectural Design Overview

Conceptual Model: Considering the mobile data server of Fig. 1, each component (depicted in magenta), consists
of two layers, robust and flexible, that we illustrate in Fig. 2. For each component, a set of permanent core features
forms a robust layer (depicted in green). The features in the robust layer are connected across components (low
coupling). The robust layer serves as the foundation of the architecture. In each component, a set of transient features
(high cohesion) forms the flexible layer (depicted in yellow). By connecting and disconnecting the flexible features to
their corresponding robust features in their component (high cohesion), researchers can adapt the platform to changing
research needs. Fig. 2 illustrates this separation in layers, that all together fit the requirements in section 2.

Fig. 2:
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Architectural Design: The architectural design of the mQoL Lab platform focuses on the system constituent from
Fig. 1, and is depicted in Fig. 3. This design consists of two blocks, clients and servers, grouping components (red
rectangles for clients, and blue rectangles for servers), e.g., mobile apps and application server. Each component is
tagged with the technology of mQoL Lab choice (e.g., parse server, Android). But researchers can leverage the
architectural design even if they choose other technologies (see Section 3.2).

For example, the functionality of collecting TechRO data from passive sensing can be partitioned into a robust
layer and a flexible layer (Fig. 2) as follows. Most wearable manufacturers (such as Fitbit and Withings implemented
in mQoL Lab) require a reference to our platform in their Application Programmable Interface (APIs), which they
use to (1) identify our platform in the informed consent, (2) authorize our platform for data collection, and (3) notify
our platform about new data. Also, many wearable manufacturers use the same authorization protocol (OAuth 2.0),
and communication style (REST [17]). The robust layer consists of a web client feature and a web server feature,
collectively, a web application, for participants to choose the wearable type they own, and initiate the authorization.
The web application (1) conducts authorization flows, (2) stores the grants used to collect the data, and (3) sends the
data to the data storage component. The flexible layer includes device/manufacturer specific features. For example,
servers implement pagination for data collected (a Fitbit API feature), or notification of new data (a Withings API
feature). Currently, we are implementing data collection features for Garmin and Polar wearables as features in the
flexible layer. These features reuse a minimally changed robust layer.

Supported Study Designs: The architecture in Fig 3 enables researchers to conduct short or longitudinal studies,
inside or outside the lab, observational or including interventions, collecting passive or active data from participants,
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including contextual markers. Table 3 describes study design and methodological aspects that researchers typically

: 4

Researcher
Data analysis

consider when selecting a platform. We describe how the the mQoL Lab architecture of Fig. 3 enables those aspects.

Table 3: Study design and methodological aspects supported by the mQoL Lab architectural

Design Aspect

Description

Study scope

The mQoL Lab design supports both observational (i.e., findings from data are used to further scientific knowledge) and intervention
studies (i.e., findings can trigger interventions to one of more participants based on their collected data). Researchers can include
Just-in-Time Adaptive Interventions (JITAIs) [32].

Study location

The mQoL Lab design allows both studies in the lab and in the wild. Participants can interact with IMWU devices in both cases.

Study variations

The mQoL Lab enables to create study flows with slight variations (e.g., with respect to data sources, frequency of data acquisition,
among others). To this end for example, the mQoL Lab design allows the assignment of roles to study participants.

Study interactions

Human-device interactions in a study can range from standardized for all participants, to cross-sectional based on population charac-
teristics, to personalized for a specific participant. The last two study interactions are based on data provided by participants.

Device provenance

Smartphones and wearable devices usuually follow standardized communication protocols. This allows the mQoL Lab design to support
devices irrespective of their manufacturer.

Data collection source

Passive quantitative TechRO data can be collected by IMWU devices regularly carried by participants with them during daily life. The
mQoL Lab for example includes a data logger for Android-based smartphones called mQoL Log. Active qualitative data is collected
through mobile clients (such as web views in spartphone apps) where participants can answer surveys. Other connected devices, such
as weight scales, can provide additional TechRO data.

Data synchronization

Some manufacturers provide data through an API (e.g. Fitbit, Withings),or via a mobile application through wireless transmission (e.g.,
NFC, BLE). The mQoL Lab design supports offline storage on mobile clients with eventual synchronization to the servers.

Data contextualization

Passive and active data can be augmented with contextual markers collected via mQoL-log such as time, location, ambient conditions,
or social company (e.g., people around, collected either via wearables, smartphone sensors or self-reports).

Data sampling

Researchers can define sampling rates for passive and active data at the beginning or during a study. Sampling can be continuous or
moment-, interval-, event-, and context-based, and it can be constrained to a given location area (geofenced).

Feedback
pants

to partici-

Feedback can be given in near real-time as well as offline. It can be triggered locally (by using rules in the mobile clients) and remotely
(automatically or manually, by the researcher).

3.2. Architectural Design and Implementation Choices

The architectural design of Fig. 3 uses a container-based infrastructure that simplifies the deployment, and allows
execution as a distributed system, that supports the fulfillment of the requirements posed on the mQoL Lab platform.
This choice provides several advantages: (1) the components can be maintained, updated, and run without influencing
other components (R9) (cohesion), (2) they adhere to a common protocol of inter-container communication (coupling),
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and (3) their deployment is reproducible onto any host which allows containerization (RS5). For containerization, we
selected Docker! for its ease of use, flexibility, ubiquity, and documentation. A docker image is a software package
that includes all its dependencies (e.g. code, libraries, settings). In Fig. 3, each component is represented by a docker
image, which describes a docker container able to communicate with other containers at run time. In the remainder of
this section, we describe the fundamental components of the mQoL Lab platform.

The server block contains the application server component, a data visualization component, multiple web server
components, and other components enabling data traffic and network security. The first server-side component is
the application server, and it can be hosted locally (R4). It exposes the data in the platform as objects. The objects
represent the entities used in the clients (e.g., survey questions and answers, passive sensor data), as well as those
provided to the researchers via aggregation and data analysis tools (R6). It transfers them seamlessly between the
clients and servers and stores them in the database server. The application server communicates with the clients and
web servers. Furthermore, it allows for application logic hosted in the server to be triggered by the clients, simplifying
the deployment of updates, and freeing up processing resources from the clients. For the application server we use
Parse Server’. It represents data objects as (Parse Objects), includes software development kits (SDKs) to com-
municate with mobile applications, libraries to communicate with web servers (we use libraries for Rails/Ruby and
Jupyter/Python) as well as the Cloud Code functionality to execute server logic (using Node js). For the database
server, we chose MongoDB. The data visualization component has a dashboard with elevated permissions to manage
the data as objects. We use Parse Dashboard which represents the data objects in the JSON format.

The server block contains the web server consisting of three web applications: (1) surveys, (2) notifications, and (3)
data management. The operations of the web servers are optimized by an in-memory rapid data store (implemented
using Redis) and a concurrent job executor (implemented using Sidekiq). The surveys web application renders dy-
namic surveys prepared for each mobile study. The surveys can be administered to the participant via conventional web
clients (browsers), or through web views embedded in mobile applications (R1). The notifications web application
schedules and dispatches push notifications to the appropriate clients and invites participants to answer the surveys
(R10). Researchers can define the scheduling of each survey in a study by using a flexible scheme with time-based
triggers . We have chosen to implement the two web applications by using the Ruby on Rails web framework. The
data management web application allows researchers to extract, summarize, aggregate, and visualize data by using a
programmatic environment. They can analyze data by using Jupyter notebooks (R11) and libraries in R or Python.
This last web application is currently an active area of research and development in the mQoL Lab platform.

The server-side network is managed through the reverse proxy and SSL components. The reverse proxy component
routes network traffic from the internet directly into the various components. It is simple to use, integrates seamlessly
with the other components, and allows the addition of new components (R9). For the reverse proxy component, we
use nginx®*. For secure communication over the web (R8), we use the SSL component. This component exposes a
HTTPS certificate from within its container, which also executes letsencrypt® certificate authority.

In the clients block, our architectural design currently supports three types of clients: mobile applications, wearable
devices, and web clients. Mobile applications use the Parse SDKs, which simplify the application logic and data
transfer. The Parse SDKSs allow local data storage on the clients prior to eventual synchronization (R7). For passive
TechRO data collection, Android libraries allow efficient ways to send data from the on-board smartphone sensors to
the application server directly (R4), in our case, via the mQoL Log component. For 10S, Apple Health Kit collects and
stores the data locally on the device and exposes it to our mobile apps which send aggregates to the application server
(R4). Mobile applications also embed web views of the surveys web client (R4). All mobile applications require
informed consent from participants before starting the study (R2) and collecting data from any source (R3).

Wearables such as off-the-shelf fitness trackers (e.g., Fitbit, Withings) or research-oriented devices (e.g., Empatica)
can be integrated into our platform. Two wearable data collection alternatives are supported at the moment. First, the
manufacturer opens a web application where the participant can read and approve the informed consent for data usage

U https://www.docker.com/

2 https://parseplatform.org/

3 We provide an example in the public repository https://gitlab.unige.ch/qol/archimwu

4 nginx is a web server, load balancer, and reverse proxy which requires minimum configuration: https://www.nginx . com/
5 Certificate Authority provided by the Internet Security Research Group: https://letsencrypt.org/
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(R3) and authorize our platform (via Oauth 2.0) to collect data from the wearable devices without revealing their
credentials (R8). Second, the wearable device connects to the mobile application in the smartphone (via Bluetooth)
and regularly synchronizes the data with it, in which case the consent in the mobile app covers the collected data (R3).
Then the mobile applications eventually synchronize its data with the application server. The three web clients are
part of the three web applications and communicate with their corresponding web servers.

We provide a public repository https://gitlab.unige.ch/qol/archimwu (Repo) with steps to bootstrap the
foundation of a platform as shown in Fig. 3

3.3. Studies Conducted with the mQoL Lab Platform

Table 4 lists the research studies that leveraged various features of the mQoL Lab platform over time. The platform
has been incrementally developed, enhanced, and it continues to be used in ongoing studies. The main features of
the platform have remained since the early days, undergoing updates due to changes in the Android OS libraries.
One novel functionality was added in the process to support an experimental method named Peer-ceived Momentary
Assessment (PeerMA) which is being studied in the context of self and peer-based state assessments [2, 3].

Moreover, the process to re-instantiate the complete mQoL Lab platform has been validated at a new HIPAA
compliant site in the USA during 2019. We accomplished this goal by following the steps outlined in Repo. Since
then, one study was conducted to validate the stability of the platform, and the second, longitudinal study, used mobile
technologies to assess quality of life-related aspects of patients undergoing a liver transplant.

Table 4: Studies conducted using the mQoL Lab platform

Study Aims Participants (N, t) Methods and Tools Year Location
Phone proximity [14] 28 x 1 month DRM, EMA, Survey, Passive sensing 2011 USA
Mobile interaction experience [22] 29 x 1 month DRM, EMA, Survey, Passive sensing 2012 USA
Intimacy perception [20] 20 x 1 month DRM, EMA, Survey, Passive sensing 2013 Switzerland
Intimacy perception [21] 22 x 1 month DRM, EMA, Survey, Passive sensing 2016 USA
Self-efficacy [36] 20 x 1 month EMA, DRM, Survey, Passive sensing, Fitbit 2017 USA

Stress assessment [6] 25 x 1 month EMA, Survey, Passive sensing 2018 Switzerland
Sleep assessment [7] 14 x 6 month EMA, Survey, Passive sensing, Basis Peak 2018 Denmark
Sleep deprivation [10] 1 x 1 month EMA, DRM, Survey, Fitbit, Glucose Monitor 2018 USA
Smartphone app quality of experience [12, 13] 38 x 1 month EMA, Survey, Passive sensing 2018 Switzerland
Human state assessment with peers [2, 4] 30 x 1 month EMA, PeerMA, Survey, Passive sensing 2018 USA, Switzerland
Health and dementia risk assessment [26] 20 x 3 months Survey, Fitbit 2018 Denmark
Physical activity calibration [29] 31 x 2 years Survey, Fitbit 2019 Denmark
Social support perception (active) 21 x 2 years Survey, Fitbit 2019 Denmark
Quality of life in liver transplant patients (active) 15 x 6 months EMA, PeerMA, Survey, Fitbit 2019 USA

4. Discussion and Concluding Remarks

In this paper, we characterized the main constituents of a mobile subjects study: participants, researchers, and the
system. This is an area of active exploration and previous researchers have developed platforms, tools, and solutions
to support it, especially those related to passively collecting data from wearables and smartphones. Given the fast pace
of research, not all groups have the expertise or resources to design their own platform, and embracing inadequate
frameworks, or siloed tools poses a high risk of obsolescence. Researchers with long-term goals in mobile sensing will
benefit from building a reliable and scalable architecture that supports their growing needs. We described the mQoL
Lab architecture that has evolved with more than ten studies over eight years; we focused not only on explaining the
architecture, but also on the rationale of the underlying components of the architecture, offering practical and technical
details that developers can use in the process of designing and building their platforms.

As future work, we plan to extend the contribution presented in this paper with videos, tutorials and code snippets
that researchers can follow in a more hands-on manner with the aim of helping the community effectively.
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Vlad Manea, Vero Estrada-Galifianes, Katarzyna Wac. mQoL: Mobile Quality of Life
lab. Poster and demo at the Digital Health Conference (DH 2018). Nominated for
the Innovation Prize in the category of the best data-driven innovation, Lyon,
France.

Abstract Chronic diseases are the top contributor to mortality worldwide. Their
risk decreases with a healthy lifestyle, determined by daily life behavior. Reference
chronic illness risk models combine patient performance-based reports with self-
reports. Performance reports, obtained at the doctor’s office, are collected with
clinically approved devices to ensure high accuracy, but the process is expensive,
momentary, and occurs outside of the patient’s daily life. Self-reports are affordable,
can be contextual and recur in time, but introduce perception bias and are prone to
socially acceptable answers. Meanwhile, the market for mHealth, i.e., personalized
devices that monitor daily life through behavioral markers (e.g., exercise or sleep),
is gaining acceptance. Although many do not promise medical accuracy yet, the
sheer data collected may provide useful insights into patterns. A caveat is that the
mHealth space is fragmented. Numerous researchers design, build, deploy, and
maintain applications that focus on a single experiment, a marker, or a disease.
Such apps prove too narrow to address participant Quality of Life from a holistic
perspective. In addition, researchers report back gaps in use (and data) from the
apps. Faced with these data collection challenges ourselves and aiming at holistic
QoL assessment, we are operationalizing the Mobile Quality of Life Lab. Our app
aims at serving as an ecosystem of digital health exploration for participants and
researchers. With personalized, contextual, and graphical content for participants
to monitor, observe, and reflect upon daily life as a whole, we hypothesize that it
can serve as a useful tool to make sense of behavior and life quality and potentially
enable behavior change in the long term. By reusing its data collection and explo-
ration apparatus on top of well-known frameworks such as ResearchKit, HealthKit,
Open mHealth, or AWARE, our app enables to obtain performance-reported out-
comes by measurement of behavioral markers in time and context. Also, we include
general self-reports on demographics and Quality of Life as well as domain-specific
self-reports in the explorations. Researchers like ourselves can now focus only on col-
lecting approved, consented, anonymized, contextual, and chronologic data, while
providing participants timely, personalized, contextual, and beneficial information
from their investigations. We intend to leverage the app in Europe within the WellCo
H2020 project where we aim to manage cardiovascular disease risk. We have 300
participants planned for 2018.
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Above we look at you in 3, 2, 1 months. Below
we estimate your quality of life this month.

Physical health

Very low and decreasing
General health, energy, mobility,
sleep, daily activities, and more

Psychological health

Keeping high

Feelings, spirituality, thinking,
concentration, self-esteem, more.

Keeping very high
Personal relationships, sexual
activity, social support.

Environment
Moderate and increasing

Freedom, physical safety, financial

Data Explore Control Account Settings

100% W

sssec Carrier T 1:20PM 100% W

Account

Life controller

Your data identifier
AXO1-ADS3-DNAT-UI7T

Your data is identified by this token
Your real identity is not. Resettable

Your demographic info

7 out of 7 questions answered

Help us give you and thousands of
others demographically relevant info,

Your medical info

3 out of 5 questions answered

Help us give accurate info from some
more special data, e.g., cholesterol

Your personal info
7 out of 10 questions answered

Data Explore Control Account Settings

(m) Quality of Life view. Part I.

(n) Quality of Life view. Part II.

(o) Pseudonymous user account.

Fig. A.1.: Excerpts from the mQoL mobile app design (continued). Part of Publication 5
which was demonstrated. The app design was not peer-reviewed. The complete
app design continues on the following pages.
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Prototype

Updated 22nd Aug @ 00:31 AM

Intro

< Back  Your activity this week

o By o
9 o
baB%pla L

Your daily fife week
Activity, sleep, stress, heart

Your activity this week
Steps: 2.5k - 7.5k average Sk
s "

Updated 22nd Aug @ 00:52 AM

Control > Your Activity this week

Let's start

What thisis

Updated 2nd Mar @ 10:41 AM

Welcome

< Bac Step1of3

How much were you walking yesterday?

Not walking at all
Wialking in the house
Walking to commute and back
Walking to buy & groceries

Walking exercise

Updated 2nd Mar @ 10:56 AM

Control > Help us fill in the gaps >
Step 1

Qol Mohile Lal

General consent

Before we proceed...

This can be splitinto multiple screens!

It should look like a generic consent

Updated 28th Apr @ 21:58 PM

Consent

£ Bac Step1of3

How much were you walking yesterday?

Not walking at all
Walking in the house

Walking to commute and back
Walking to buy & groceries

Walking exercise

Updated 8th Feb @ 16:21 PM

Control > Help us fill in the gaps >
Step 1: Walking to commute and
back

Qol Mobile Lab

General consent
Before we proceed...
want to m ]

This can be splitinto multiple screens!

It should look like a generic consent

Updated 28th Apr @ 21:55 PM

Consent : Agreed age

£ Bac Step20f3

How much were you running yesterday?

Not running at all

Running i the house

Running to commute and back
Running ta buy & groceries

Running exercise

Updated 2nd Mar @ 10:57 AM

Control > Help us fill in the gaps >
Step2

Qol Mobhile L

General consent
Before we proceed...
want to m Iy agr ]

This can be splitinto multiple screens!
ting and typesettin stry. Lorer
1 has been the industry's standard

the 1500;

It should look like a generic consent

Note how it extends to other reserchers!

Updated 28th Apr @ 21:55 PM

Consent : Agreed willfulness

< Bac Step2of 3

Control

v

Your Quality of Life
Today at 1005 PM

our quality o ok
t Find o

Updated 22nd Aug @ 00:38 AM

Control

<8 Step3of 3

Add Images

< Bac Your Quality of Life

V

Your Quality of Life
Based on answers from 3 weeks ago
! .

Physical health
Very low and decreasing

Keeping high

Updated 22nd Aug @ 00:51 AM

Control > Your Quality of Life

¢ Bac Step3of 3

How much were you running y y

Not running at all
Running in the house

Running to commute and back
Running ta buy & groceries

Running exercise

Updated 8th Feb @ 16:22 PM

Control > Help us fill in the gaps >
Step 2 : Running to commute and
back

ping yesterday?

Not sleeping at all
Sleeping only a nap

Normal sleep, but with wake ups
Normal sleep, no known wake ups

More than normally

Updated 2nd Mar @ 10:58 AM

Control > Help us fill in the gaps >
Step 3

How much were you sleeping yesterday?

Not sleeping at all
Sleeping only anap

Normal sleep, but with wake ups
Normal sleep, no known wake ups

More than normally

Updated Bth Feb @ 16:22 PM

Control > Help us fill in the gaps >

Step 3 : Normal sleep, but with wake

ups

» = 3 o
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Thank you

Wo use your answers 10 find new ways 1o

help you take canirol of your Guality of Life

Close

Updated 2nd Mar @ 10:59 AM

Control > Help us fill in the gaps >
Step 3 : Thank you

oave Carrier & 120PM 1 100n W

< Back Step 10f3 Cancel

avec Carrier & 120PM 1 100% W3

£ Back Explore your sleep

Explore your sleep
it 10:00 PM

alized informat
eed help.

Give permissions for Sleepdata
Total duration
Predominant type
Longest streak

Restless duration

Discard all similar invitations

o Ebre  Cowrol  heomet Seeas

Updated 2nd Mar @ 11:01 AM

Control > Explore your sleep
weme Carvior F 120PM 1 100% W
< Back Step1of3 Cancel

Give permissions
Let us use your data for anonymous.
research and help Explore your slegg.

Deny Allow

Updated 2nd Mar @ 11:01 AM

Control > Explore your sleep : Give

permissions
weme Carvior ¥ 120PM 1 100% W
< Back Step20f3 Cancel

ane Cartier & 120PM 1 100% W3

£ Back Explore your sleep

Explore your sleep.

Give permissions for Sleepdata
Total duration Grven
Predominant type
Longest streak

Restless duration

Discard all similar invitations

2 [ ] a2 4
Da ke Cool  omet et
Updated 22nd Feb @ 00:20 AM
Control > Explore your sleep : Given
permissions
wewe Carvier ¥ 120PM 1 100% W0
< Back Step20f3 Cancel

Thank you
Wo use your datafor anonymous esearch
a1 hlp. Torevoke, g0 the Dta 5.

Clase

Updated 2nd Mar @ 11:03 AM

Control > Explore your sleep : Giving
all permissions thank you message

ave Cartier % 120PM ¥ 100% W3

£ Back Step3of3 Cancel

ave Carrier % 120PM 1 100% W3

& Back Explore your sleep

Explore your sleep
oday at 1000 PM

ave Carrier 120PM 1 100% W3

£ Back Help us explore you

Help us explore you
Today at 8:55 AM

Give permissions for Sleep data You helped us explore you
3weeks ago a
Total duration Given We use your answers to explore and &
help you Improve your quality of ife.
Predominant type Given
You helped us explore you
Longest streak ohen 2 months ago
We use your answers to explore and »
Restless duration Given help you Improve your quality of ife.
Discard all similar invitations »
You helped us explore you
3 months ag »
: e 4 d : e 4
Cia e Corol  eomet et Cia  Golre  Cool  eomet et
Updated 22nd Feb @ 00:20 AM Updated 18th Mar @ 21:15 PM
Control > Explore your sleep : Given Control > Help us explore you

all permissions

ave Carrier % 120PM ¥ 100% W3

£ Back Step3of3 Cancel

oroher s of oot e e chocne the s et spesrs st

L

yourtbe i the s four meeks.

[T —

[T ——

[T ——

o starcrc, e, s s zcocer We s tht ou think st
[T —

o starctrc. e, s s zcocer. We i that ou thick st
[T —

How would you rate your quality of life? How would you rate your quality of life? How satisfied are with your health? How satisfied are with your health? How much do you enjoy life? How much do you enjoy life?
Very poor Very poor Very dissatisfied Very dissatisfied Not atall Not at all
Poor Poor Dissatisfied Dissatisfied Alittle Alittle
Neither poor, nor good Neither poor, nor good Neither dissatisfied, nor satisfied Neither dissatisfied, nor satished Amoderate amount. Amoderate amount.
Good Good Satisfied Satisfied Very much Very much
Very good Very good Very satisfied Very satisfied An extreme amount An extreme amount
e oo I
2 ® 2 5 2 o 2 5 2 [ ] 2 4 2 [ ] 2 4 2 [ ] £ 4 2 [ ] £ 4
o e Conted  hicort Sategs o b Catnd  hcowt  Setegs Oda ke Coal  Acont et Oka Bk Coel  cort Saten Cda Bl Cotel  kcort Seten Cua  Bbre  Cotol kot Seten
Updated 2nd Mar @ 11:09 AM Updated 8th Feb @ 13:07 PM Updated 2nd Mar @ 11:10 AM Updated 8th Feb @ 12:55 PM Updated 2nd Mar @ 11:10 AM Updated 8th Feb @ 12:54 PM

Control > Help us explore you > Step
1

Control > Help us explore you > Step
1: Neither poor, nor good

Control > Help us explore you > Step
2

‘Control > Help us explore you > Step
2 : Neither dissatisfied, nor satisfied

Control > Help us explore you > Step
3

Control > Help us explore you > Step
3 : A moderate amount

Thank you
Wouse your answars for anonymous

research and 1o help with quaiity of ife.

Close

Updated 2nd Mar @ 11:23 AM

Control > Help us explore you > Step
3 : Thank you

-
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Quality of Life Mobile Lab

ane Cartier T 120PM 1 100% W

Explore

Explore your activity
Results ready for week 2 out of 11 Q
How does your activity match with &
ather people? See the results 5o far,
(b ool
Explore your sleep
Results ready for week 3 out of §
From daily sleep data, we help you »
stay healthy. See some results so far.

@ L
D bk G A e

Updated 22nd Jul @ 11:50 AM

Explore > My Explorations

ane Carrier & 1200 1 1000 W

< Back Step 20f3 Cancel

wane Cartier T 120PM 1 100% ms

{ Back  Explore yoursleep

-ttt

Your sleep this week

Hours: 6.3-9.1, average 7.2

You slept more than last week, and
7.2 hours is just about right

Exploration in depth

ittt

Your sleep 1 week ago
Hours: 6.1-7.6, average 6.0
You slept less than last week
6.5his below recommended 7h.

||H”H wuullidiy H"n H” \I\T

Updated 22nd Jul @ 11:50 AM
Explore > My Explorations > Explore

your sleep
weme Carvier F 120PM 1 100% W
< Back Step3of3 Cancel

ease Cartier T 1200M 1 100k mCs

< Back Steplof3 Cancel

Tho isermtionyeu cnide s e syl . gncl
e e ot e e oy bty dot ey

o022

wove Carter ¥ 1200 1 ook ev Crrer ¥ 1200 1 1oon eve Carter ¥ 1200 1 1oon eve Carer ¥ 1200 1 1w
< Back Steplof3 Cancel £ Back Steplof3 Cancel £ Back Step20f3 Cancel £ Back Step20f3 Cancel

Whatis your age now?

26
27

28
29

bua Ebre  Coweol et S

Updated 2nd Mar @ 11:32 AM

Explore > My Explorations > Explore
your sleep > Step 1

weme Carvior ¥ 120PM 1 100% W

< Back Step30f3 Cancel

Tho isermtionyen scwide s e sccepcmbin. . gncl
e, g st e e oy bt o det ey

What time do you usually go to bed?

22:01
22:15
22:30
22:45
23.00
2315

a O &
Updated 11th Feb @ 10:25 AM

Explore > My Explorations > Explore
your sleep > Step 2 : Swiped wake up
time down

What time do you usually wake up?

07:30
07:45
08:00

08:15
08:30

a O 4
o th o hew e
Updated 2nd Mar @ 11:39 AM

Explore > My Explorations > Explore
your sleep > Step 3

What time do you usually wake up?

07:45
08:00
08:15
08:30
08:45

a O 4
e th o Mt e
Undated 11th Feb @ 10:27 AM

Explore > My Explorations > Explore
your sleep > Step 3 : Swiped wake up
time up

What s your age now?

27
28

29

30
k3!

Next question
8 &4 O 24
Din B Cowol ot St
Updated 11th Feb @ 10:23 AM

Explore > My Explorations > Explore
your sleep > Step 1: Swiped age up

Thank you
Vou have now apdated the axploration

Explore my sleep. Stay tuned for resuls!

Close

Updated 2nd Mar @ 11:39 AM

Explore > My Explorations > Explore
your sleep > Step 3 : Swiped wake up
time up thank you message

What s your age now?

25
26

27

28
29

Next question

& O

bua e Coweol  dcomet St

Updated 11th Feb @ 10:23 AM
Explore > My Explorations > Explore

your sleep > Step 1: Swiped age
down
wese Carrier ¥ 120PM 1 100% W
£ Back Step3of3 Cancel

07:15
07:30

07:45
08:00
08:15

a O

bua e Coweol  dcomet St

Updated 11th Feb @ 10:36 AM

Explore > My Explorations > Explore
your sleep > Step 3 : Swiped wake up
time down

What time do you usually go ta bed?

2230
22:45
23:00
23:15

23:30

Gua Epore  Cowel  dcomet St

Updated 2nd Mar @ 11:33 AM

Explore > My Explorations > Explore
your sleep > Step 2

Thank you
Vou have now updated the axploration
Explore my sleep. Stay tuned for results!

Close

Updated 19th Feb @ 21:56 PM

Explore > My Explorations > Explore
your sleep > Step 3 : Swiped wake up
time down thank you message

What time do you usually go ta bed?

22:45

23:00
23:15
23:30
23:45

Next question

& O

Getn bpbre  Coneol oot Sateas

Updated 11th Feb @ 10:26 AM

Explore > My Explorations > Explore
your sleep > Step 2 : Swiped wake up
time up

eavs Carrier ¥ 120PM + 100% W

Explore

Explore your activity

3 months N
Help us answer 5 quastions about <
your activity throughout the day.

Explore your sleep
Sweaks
From daily sleep data, we help you &

stay healthy See some results 5o far.

Explore your stress

1 week

See how your steps fare compared 1o
other people of your age.

Explore your heart

3 months Q
Do stress levels conclate tothe daily <
step count? Help us find cut

O

o bpkre  Couedl et Setems

Updated 3rd Jun @12:40 PM
Explore > All Explorations

.
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aone Carer & 120PM 1 ook mr aone Carer & 120PM 1 ook mr sone Carer ® 120PM 1 roonmr seon Carter + 120PM ¥ 100w seos Carrer + 20PM 1 ioon mr seon Carrer + 20PM ¥ 10w s
< Back Explore your sleep Cancel < Back Explore your sleep Cancel < Back Explore your sleep Cancel £ Back Explore your sleep Cancel £ Back Step1of3 Cancel £ Back Step1of3 Cancel
Explore your sleep Explore your sleep Explore your sleep Explore your sleep
5 weeks exploration 5 weeks exploration 5 weeks exploration 5 weeks exploration
From daily sleep data, we help you From daily sleep data, we help you From daily sleep data, we help you From dally sleep dats, we help you
stay healthy. Read below and sign up. stay healthy. Read below and sign up. stay healthy. Read below and sign up. stay healthy. Read below and sign up. What is your age now? What is your age now?
We combine answers to simple questions with Exploration-specific consent Exploration-of device data Exploration-of device data .
leveraged behavioral markers to quantify and 2 2
improve the sleep component of your Quality . i Give permissions. N . 26 a7
of Life in new ways - drawing.on new emerging :7"" el o . Give permissions for Sleep data Lot us usa your data for anonymous Glvepermissions for Sleep data 27 28
ok ficen ComipulEr Bciene Ror BBl e want tomake sure you fully agree wit research and hetp Explore your sieep. )
aninalion disghasts b et ofdally the Quality of Life technologies lab ta use Total duration =R Total duration Oer 28 29
4 data from this device.
{and nightly, here :) life a5 an “organ” - misch . Deny Allow . 29 30
imenn-s ek iy . o Predominant type [ | Predominant type i -
This can be split into multiple screens! 1
Brplovasiion pariners Lorem Ipsum is simply dummy text of the Longest streak “ ongest streak Ghan 2
ploration pa N printing and typesetting industry. Lorem
Ipsum has been the industry's standard Restless duration [ wion | Restless duration Gien
Quality of Life technologies lab dummy text ever since the 1500
www.qol unige.ch N
The lab mission 5 o develop and evaluate 8 houbd ook ke the Stanford consart m re initial exploratior 1am ready for an n Next question
emerging mobile technalagies to improve ife Lorem lpsum is simply dummy text of the
printing and typesetting industry. Lorem
Ipsum has been the industry's standard - - - -
University of Geneva dummy text ever since the 1500 a S a itk a £ a £
www.unige ch Dt Eaplore. Control Accourt Settings. Data. Eaplore. Conteol dccourt. Settings. Data. Eapiore. Cantrol dcconrt. Settings. Data. fapiore Canirol dconrt. Settings.
Updated 22nd Jul @ 11:52 AM Updated 22nd Jul @ 11:52 AM Updated 2nd Mar @ 11:49 AM Updated 10th Feb @ 20:50 PM Updated 2nd Mar @ 11:52 AM Updated 10th Feb @ 21:07 PM

Updated 22nd Jul @ 11:51 AM

Explore > All Explorations > Explore

Explore > All Explorations > Explore

Explore > All Explorations > Explore

Explore > All Explorations > Explore

Explore > All Explorations > Explore

Explore > All Explorations > Explore

Explore > All Explorations > Explore
your sleep : Overview before signup your sleep : Consent your sleep : Permissions your sleep : Giving permissions your sleep : Given permissions your sleep > Step 1 your sleep > Step 1: Swiped age up
v s & 120PM # 100m W v Correr & 120PM # 100m Wy v Carrer ® 1209M 1+ 1oom Wy oo Carer & 1209M 1+ 1oom Wy v Carter ® 120PM 1+ 1oon Wy v Carter ® 1209M 1+ 1oom Wy
{ Back Step1of3 Cancel { Back Step2of3 Cancel £ Back Step2of3 Cancel £ Back Step2of3 Cancel £ Back Step3of3 Cancel £ Back Step3of3 Cancel
Thaisermton o bl s i s, o
e e oo, s s oy b oo i iy o e e s g, o
Whatis your age now? What time do you usually go to bed? What time do you usually go to bed? What time do you usually go to bed? What time do you usually wake up? What time do you usually wake up?
25 22:30 2245 22:15 07:30 07:45 Thank you
26 22:45 23.00 22:30 07:45 08:00 ‘Yeu are now signed up for the explorstion
27 23:00 2315 2245 08:00 08:15 Explore my sleep. Stay tuned for results!
28 23:15 23:30 23.00 08:15 08:30 Close
29 23:30 2345 23:15 08:30 08:45
—
& a & a & 2 & 2 & 2 & 2
Do e G At e Do e Cowd At e Do e Cowd At e D e Cowd ket et Dia e Cowd ket et Dia  Eple  Cowd  hmt et
Updated 10th Feb @ 21:37 PM Updated 2nd Mar @ 11:52 AM Updated 10th Feb @ 21:26 PM Updated 10th Feb @ 21:26 PM Updated 2nd Mar @ 11:53 AM Updated 10th Feb @ 21:38 PM Updated 2nd Mar @ 11:53 AM

Explore > All Explorations > Explore
your sleep > Step 1: Swiped age
down

Explore > All Explorations > Explore
your sleep > Step 2

Explore > All Explorations > Explore
your sleep > Step 2 : Swiped wake up
time up

Explore > All Explorations > Explore
your sleep > Step 2 : Swiped wake up
time down

Explore > All Explorations > Explore
your sleep > Step 3

Explore > All Explorations > Explore
your sleep > Step 3 : Swiped wake up
time up

Explore > All Explorations > Explore
your sleep > Step 3 : Swiped wake up
time up thank you message
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sase Carrier 120PM + 100m Wy

 Back Step3of3 Cancel

What time do you usually wake up?

07:15
07:30
07:45
08:00
08:15

Updated 10th Feb @ 21:39 PM

Explore > All Explorations > Explore
your sleep > Step 3 : Swiped wake up
time down

Pause exploration
Pausing the exploration wlyield less
socurate sesults on the long run. Sure?

Keep Pause

Updated 2nd Mar @ 12:19 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Pausing exploration

Thank you
“Yeu are now signed up fo the exploration

Explore my slesp. Stay tuned for results!

Close

Updated 19th Feb @ 21:57 PM

Explore > All Explorations > Explore
your sleep > Step 3 : Swiped wake up
time down thank you message

sane Carrier 120PM ¥ 100m w0y

£ Back Explore your sleep

Explore your sleep
S weeks

From daily sleep data, we help you live a healthy
life. Thank you fof explofing your sieep with us.

Continue exploration ©

Paused exploration until

Mon7sep 8 58
TueBSep 9 59
Wed9Sep 10 00
Thu10Sep 11 01
FrillSep 12 02

at 1 3 [s

Withdraw from exploration ([N
This action cannot be undone

By withdrawing, your data is
permanently deleted from our servers.

Updated 10th Feb @ 22:12 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Paused exploration

- - 1200 100w
Data

Sleep

Total duration >
Predominant type >
Longest streak >
Restless duration >
Activity

Height

Weight

4 a

Updated 2nd Mar @ 11:55 AM

Data > My Shared Data

Withdraw from exploration

Sory. If you really wan 1o withraw,
type the word withdraw below.

Withdraw

Updated 2nd Mar @ 12:19 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Withdrawing from exploration

wewes Carier 1200 Loy
« Back Total duration
T o
Explore your activity
2 months S
Help us answer 5 questions abaut G

your activity throughout the day.

Explore your sleep

5 weeks

From daily sleep data, we help you
stay healthy. See some resulls so far.

Explore your stress

1 week

See how your steps fare compared
10 other people of your age.

Explore your heart
3 months Qy
Do stress leveis conelate to the daily <

heart beat count? Help us find out

e

Updated 2nd Mar @ 11:56 AM

Data > My Shared Data > Sleep Total
Duration

Withdraw from exploration

Sory. If you really want 1o withdraw,
type the word withdraw below:

Withdraw

Updated 11th Feb @ 13:10 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Withdrawing from exploration

confirming

save Carrier T 120PM + 100 Wy

£ Back Explore your sleep

vsmnman All Shareable Dt

Explore your sleep
5weeks

From daily sleep data, we help you lva a healthy
Hife, Thank you for €xploring your sieep with s,

Continue exploration

Pause exploration until

5un 65 5
Mon7Sep 8 58
Tue8Sep 9 59

Wed9Sep 10 00

Thul0Sep 11 01
FriliSep 12 02
at 12 Se 3 C

Withdraw from exploration (RGN
This action cannot be undone

By withdrawing, your data s
permanently deleted fram our servers.

Updated 22nd Aug @ 00:56 AM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep

Withdraw from exploration

Sorry.If you really want 1o withdraw,
type the ward withdraw below:

Withdraw

Updated 10th Feb @ 22:19 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Withdraw from exploration last step

Discontinue exploration

Disccntinuing the Sieep Total duration wil

make resis |ess strong. Are you sule?

Keep Discontinue

Updated 2nd Mar @ 12:18 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Discontinue exploration

save Cartier T 120PM ¥ 100% Wy

Sleep
Total duration 4
Predominant type >
Longest streak >
Restless duration »

Activity

Heart rate

Weight

Height

Glucose

Blood pressure

App usage

Updated 2nd Mar @ 12:24 PM

Data > All Shareable Data

o0

save Carier T 120PM + 100wy

< Back Explore your sleep

_ Shared D: All Shareable Dt

Explore your sleep
5weeks

From daily sleep data, we help you lva a healthy
ife, Thank you for exploring your sieep with s,

Continue exploration »

Pause exploration until

Sun 65 5
Mon 7 Sep 8 58
Tue8Sep 9 59

Wed9Sep 10 00

Thul0Sep 11 01
Fril1Sep 12 02
at 12 Se 3 c

Withdraw from exploration [
This action cannot be undone

By withdrawing, your datais
permanently deleted from our servers.

Updated 17th Apr @ 21:03 PM

Data > My Shared Data > Sleep Total
Duration > Explore your sleep :
Discontinued exploration

rre— 1200 T my
£ Back Total duration

hared Dat AllSh:

Explore your activity
amonths

Help us answer § questions about &
your activity throughaut the day.

Explore your sleep

S wesks. o
From dally sleep data, we help you &
stay healthy. See some resulls 5o far.

Explore your stress
1 week

See how your steps fare compared
to ather people of your age.

Explore your heart
3 months Dy
Do stress leveis conrelate to the daily &

heart beat count? Help us find out

=

oaa bpore  Coeol o S

Updated 2nd Mar @ 12:24 PM

Data > All Shared Data > Sleep Total
Duration

.
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wan Correr = 1200M 7 100 >
£ Back Explore your sleep

Explore your sleep
5 weeks

From daily sleep data, we help you live a hesithy
life. Thank you fof explofing your sieep with us.

Allow exploration »
e 2 2 £
m by e et e

Updated 2nd Mar @ 12:24 PM

Data > All Shared Data > Sleep Total
Duration > Explore your sleep

Reset data identifier

IF you ars positiva you want 1o reset,
type the word reset bel

gwertyuiop
asdf g hj kI

z x ¢ vbnm

Bgn: - Ea

Updated 10th Feb @ 22:40 PM

Account > Your data identifier : Reset
warning typing reset

Give permissions

Let us use your data for anonymous.

research and help Explore your siéep.

Deny Allow

Updated 2nd Mar @ 12:25 PM

Data > All Shared Data > Sleep Total
Duration > Explore your sleep : Give
permissions.

Reset data identifier

IF you ars positive you want 1o reset,
tyie the word reset bei

Updated 10th Feb @ 22:40 PM

Account > Your data identifier >
Reset warning confirming

Thank you
We use your asta for anonymous research
ani 16 help paople improve qualty of e

Close

Updated 2nd Mar @ 12:25 PM

Data > All Shared Data > Sleep Total
Duration > Explore your sleep : Given
permissions thank you message

ane Carrier F 120PM 1 100% W3

¢ Back  Your demographic info

Help us explore you
Today at B:55

ur demographi

“You helped us explore you

3 weeks ago

Ve use your answers to explore and >
help improve quality of Ife at large.

You helped us explore you
2 months ago

We use your answers to explore and
help improve guality of life at large.

You helped us explore you

3 months ago

>

1

oua Epbre  Cowl  hemet S

confirming

sase Cartior = 1200M + 100% Wy

£ Back Explore your sleep
Explore your sleep
Seeks

From daily sleep data, we help you live a healthy
life. Thank you for explofing your sieep with us.

ase Carrier 120PM 1005 Wy

Account

Life controller

waves Carrer = 1209M T 10w m
£ Back Your data identifier

Your data identifier

AXO1-ADSI-BNAT-UITT

If you reset this, all of your data will -

belost. Do this If you give the phone.

o022

Allow exploration © Your data identifier
AXO1-ADS3-DNAT-UITT » Reset data identifier
Your data s identified by this token 8 you are posiive you want o reset
Your real identity is not. Resettable. rpe ihe word resat below.
Your demographic info
7 out of 7 questions answered
Help us give you and thousands of P
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Abstract Inactivity, lack of sleep, and poor nutrition predispose individuals to health
risks. Patient-Reported Outcomes (PROs) assess physical behaviours and psycho-
logical states but are subject of self-reporting biases. Conversely, wearables are
an increasingly accurate source of behavioural Technology-Reported Outcomes
(TechROs). However, the extent to which PROs and TechROs provide convergent
information is unknown. We propose the coQoL PRO-TechRO co-calibration method
and report its feasibility, reliability, and human factors influencing data quality.
Thirty-nine seniors provided 7.4 + 4.4 PROs for physical activity (IPAQ), social
support (MSPSS), anxiety/depression (GADS), nutrition (PREDIMED, SelfMNA),
memory (MFE), sleep (PSQI), Quality of Life (EQ-5D-3L), and 295 + 238 days of
TechROs (Fitbit Charge 2) along two years. We co-calibrated PROs and TechROs
by Spearman rank and reported human factors guiding coQoL use. We report high
PRO—TechRO correlations (rs > 0.8) for physical activity (moderate domestic
activity—light+fair active duration), social support (family help—fair activity), anx-
iety/depression (numeric score—sleep duration), or sleep (duration to sleep—sleep
duration) at various durations (7-120 days). coQoL feasibly co-calibrates constructs
within physical behaviours and psychological states in seniors. Our results can in-
form designs of longitudinal observations and, whenever appropriate, personalized
behavioural interventions.

Keywords ambulatory assessment, physical activity, social support, anxiety, depres-
sion, nutrition, memory, sleep, health-related quality of life, wearable.
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Abstract: Inactivity, lack of sleep, and poor nutrition predispose individuals to health risks.
Patient-Reported Outcomes (PROs) assess physical behaviours and psychological states but are subject
of self-reporting biases. Conversely, wearables are an increasingly accurate source of behavioural
Technology-Reported Outcomes (TechROs). However, the extent to which PROs and TechROs provide
convergent information is unknown. We propose the coQoL PRO-TechRO co-calibration method
and report its feasibility, reliability, and human factors influencing data quality. Thirty-nine seniors
provided 7.4 £ 4.4 PROs for physical activity (IPAQ), social support (MSPSS), anxiety /depression
(GADS), nutrition (PREDIMED, SelfMNA), memory (MFE), sleep (PSQI), Quality of Life (EQ-5D-3L),
and 295 + 238 days of TechROs (Fitbit Charge 2) along two years. We co-calibrated PROs and TechROs
by Spearman rank and reported human factors guiding coQoL use. We report high PRO—TechRO
correlations (rs > 0.8) for physical activity (moderate domestic activity—light+fair active duration),
social support (family help—fair activity), anxiety /depression (numeric score—sleep duration), or sleep
(duration to sleep—sleep duration) at various durations (7-120 days). coQoL feasibly co-calibrates
constructs within physical behaviours and psychological states in seniors. Our results can inform designs
of longitudinal observations and, whenever appropriate, personalized behavioural interventions.

Keywords: ambulatory assessment; physical activity; social support; anxiety; depression; nutrition;
memory; sleep; health-related quality of life; wearable

1. Introduction

Chronic diseases represent a significant share of the burden of disease globally [1]. They are
responsible for 86% of all deaths [2]. In Europe, chronic diseases affect over 80% of adults over 65 and
incur 70% of the increasing healthcare costs [3]. The most common chronic diseases are cardiovascular,
pancreatic, pulmonary, and neoplastic. Unhealthy lifestyle and behaviours, such as physical inactivity,
insufficient sleep, poor nutrition, and tobacco intake, explain up to 50% of the risk of chronic disease [4].
We expect the importance of the long-term risk of disease to increase as the world population is
ageing [5]. As age dramatically contributes to the risk of multiple diseases [1], the healthy old is a
population both inherently at risk and appropriate for primary disease prevention.

Currently, human health studies assess behaviours through a combination of self-reported
outcomes [6], in particular patient-reported outcomes (PRO, [6]), and, more recently, patient-generated
technology-reported outcomes (TechRO, [6]). Patient-reported outcomes include questionnaires
with validated scales that assess individual outcomes momentarily or for a given recall period
(e.g., “During the past month, how often have you had trouble sleeping?”). However, self-reports are
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known to be the subject of biases related to the inherent shortcomings of participant reporting.
The questionnaires are inconvenient, infrequent, memory-biased, socially conditioned, and qualitative.
For example, seniors reporting physical activity tend to overestimate the amount undertaken [7],
while subjective sleep is less reliable than objective sleep according to studies of sleep, ageing,
and cognition [8,9].

In an attempt to address the shortcomings of self-reports and based on technological advances,
we propose the coQoL PRO-TechRO co-calibration method. Our research primarily focuses on assessing
behaviours and outcomes by combining questionnaires with devices such as smartphones and wearables,
assessing multiple outcomes (e.g., physical activity, sleep, and heart rate) momentarily, and, if collected
for a long time, also longitudinally [10]. Numerous studies used validated, expensive, and bulky
lab-grade devices (e.g., ActiGraph), although for a limited time due to the user burden and discomfort
of wearing them [11]. Conversely, consumer-friendly wearables measure continuously and objectively
TechROs, increasingly more accurately, as technology progresses [12]. Also, more individuals opt for
consumer-friendly wearable devices; the market size for consumer wearables will likely double by
2022 [13]. More recent research showed that consumer wearables could assess multiple behaviours
accurately [14], unobtrusively [15], and continuously [16] while worn by participants during the
natural unfolding of their daily lives. Overall, consumer devices are accurate and used enough to be
leveraged in human health studies.

There exist prior work aiming at co-calibration of physical and psychological outcomes with
technology-related ones, as discussed in this paper. We identify the previous work by following
by following a semi-structured literature review detailed in Appendix A.1. Table 1 presents
the PRO-TechRO co-calibration studies resulting from our literature review for the following
outcomes: physical activity, social support, anxiety and depression, memory, sleep, and health-related
Quality of Life. For each study, the table presents the PROs and TechROs used for co-calibration,
the study design, the analysis methodology, and a summary of results. As for the PRO, the table
presents the long names of the PRO instruments leveraged in the study, followed by the TechRO details,
at least including the name and its form factor (consumer wearable or research-grade accelerometer,
and position on the body). The study design details include its target population, sample size and age,
and study duration. Past co-calibration methods range from simple descriptive statistics to inferential
statistics via correlation methods, to machine learning, including regression and classification.
The results bring a summary of PRO-TechRO co-calibration efforts, as presented in the paper.

To better emphasize the difference between state of the art and our work, we recall that we focus
on healthy seniors and our method implies repeated sets of different PRO assessments in longitudinal
daily life TechRO assessment settings, based on consumer wearables. All studies presented in Table 1
have at least one feature (marked in violet) that excludes them from co-calibrating PRO questionnaires
with TechRO consumer wearables in healthy seniors in the wild over long periods (above the typical
7-14 days found in the literature).

Table 1 does not include studies on nutrition, since, to our best knowledge, the co-calibration of
the diet with distant measures such as steps or sleep using questionnaire PROs and consumer wearables
(or, at the very least, accelerometers) does not exist in the literature. However, there are numerous
articles on energy expenditure estimates measured by consumer wearables that guide the energy
intake (food types and qualities) for individuals following dietary recommendations [17-19].

As can be seen from Table 1, most studies focus on specific PROs suitable for the study aim;
some of the PROs are disease-specific, which also relate to the user groups in the study (e.g., students,
patients with a given condition). As for the TechROs, we observe few research-grade wearables, and many
consumer-grade ones (Fitbit); mostly worn as wearable bracelets. The study design is characterized by
diverse sample sizes (2070, with very few examples of 500+ participants) and usually very short duration
(7 days or less, very few beyond three weeks). We can call these co-calibration efforts momentary, as valid
in these specific periods, for which the data was collected. The co-calibration method themselves used
usually leverage descriptive statistical methods and correlations. The results of these co-calibrations
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rarely report values >0.5. In summary, little research focused on assessing the relationships between sets
of different outcomes assessed via PROs and consumer wearable TechROs in healthy seniors, in the wild,
for extended periods (beyond the typical study duration of 7-14 days).

Our paper is the result of research conducted as part of the EU AAL Caregiver and ME
(CoME, No. 14-7, 2017-2020) research project and software application. CoOME aimed at self-management
of health for individuals of old age at risk of mild cognitive impairments and their informal caregivers [20].
The project used numerous PROs to obtain a holistic view of the participants” health and wellbeing,
by covering constructs that are both reflective (physical activity, anxiety, depression, memory, sleep) and
formative (nutrition and social support) for the individual’s Quality of Life (QoL) [21]. These constructs
assess participants” health state and correspond to behavioural risk factors of dementia, as guided by the
goals of the project [22-25].

Our study involved 42 seniors from Hungary and Spain. The seniors provided PROs on questionnaires
chosen by the consortium of the CoME project partners along [22]. The measured outcomes included
physical activity (using the International Physical Activity Questionnaire Long, or IPAQ [26]), social support
(Multidimensional Scale of Social Support, MSPSS [27]), anxiety and depression (Goldberg Anxiety and
Depression Scale, GADS [28]), nutrition (Prevention with Mediterranean Diet, PREDIMED [29,30] and
Self-Reported Mini Nutritional Assessment, SelfMNA [31]), memory (Memory Failures of Everyday;,
MEFE [32]), sleep (Pittsburgh Sleep Quality Index, PSQI [33]), and health-related Quality of Life (EuroQoL
with five dimensions and three levels, EQ-5D-3L [34]) (Appendix B.1.1 describes the questionnaires and
their validated scales in depth). Participants also provided TechROs of physical activity, sleep, and heart
rate (Fitbit Charge 2 consumer wearable, [35]) during the study, for up to two years.

Our paper has three objectives. First, we aim at demonstrating the feasibility of our
co-calibration method, coQoL, by quantifying relationships between PROs and TechROs for our sample.
Second, we aim at assessing the quality of the data collected while daily life unfolded for our participants.
Third, we aim at informing the design of observational (and potentially interventional) personalized
behavioural studies by leveraging the results from the first two objectives.

Our paper is structured as follows. Section 1 provides an introduction. Section 2 describes our
materials and methods. Section 3 foregrounds our results. Section 4 discusses our findings. Section 5
concludes the paper.
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Table 1. Previous PRO-TechRO Co-Calibration Studies.
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Outcome

PRO: Name

TechRO: Name,
Position on Body

Study: Population,
Sample, Duration

Co-Calibration:
Method

Results

Reference

Physical Activity

International Physical Activity
Questionnaire (IPAQ); Physical Activity

Actical
(research-grade

Individuals, N = 112,
age range 18-79, mean age 47,

Spearman correlation

PAAQ and TPAQ agreed for moderate and
vigorous activity

Garriguetetal.
(2015) [36]

for Adults Questionnaire (PAAQ) accelerometer), 7 days, in the wild (rs = 0.44, rs = 0.2, respectively).
right hip
Physical Activity International Physical Activity Fitbit Students, N = 53, mean age  Paired t-test, Bland No significant correlations were found Brewer et al.

Questionnaire (IPAQ)

(consumer wearable), 28.10 + 9.12, 7 days

non-dominant arm;
ActiGraph GT3X+
(research-grade
accelerometer),

Altman

between the IPAQ and the two devices.

(2017) [37]

right waist
Physical Activity Godin Leisure-Time Exercise Fitbit Alta Endometrial cancer survivors, U statistic No significant correlations were found Rossi et al.
Questionnaire (GLTEQ) (consumer N = 25, mean age 62 + 9, between the GLTEQ and steps. (2018) [38]
‘wearable), wrist 30 days
Physical Activity International Physical Activity Fitbit Zip (consumer Seniors, N = 70, age range Descriptive TPAQ good for duration of Meyer et al.
Questionnaire (IPAQ) wearable), wrist; 62-77, mean age 70.1 + 3.3), activities but not intensity. (2019) [39]
ActiGraph GTX3 7 days (ActiGraph, Fitbit),
(research-grade 70 days (study)
accelerometer)
Physical Activity International Physical Activity Fitbit Charge 3 Individuals with depression,  Descriptive TPAQ score associated Santomas etal.
Questionnaire (IPAQ), Patient Health (consumer N = 8, age range 18-95, with Fitbit steps. (2020) [40]

Questionnaire (PHQ)

wearable), wrist

mean age 45, 8 weeks

Social Support  Pittsburgh Sleep Quality Index (PSQI),  Actiwatch 64 Individuals with and without ~ Analysis of covariance ~ Social support associated with lower Troxel et al.
Pittsburgh Sleep Diary (PghSD), (accelerometer), chronic insomnia, N = 119 (79 (ANCOVA), ordinal wakefulness after sleep onset for (2010) [41]
Interpersonal Support Evaluation List wrist with insomnia), min. age 60,  logistic regression all participants, and shorter sleep latency
(ISEL), Hamilton Rating Scale for 7 days for those with insomnia.
Depression (HRSD), Comorbidity
Questionnaire, and others

Social Support  Social Support Scale for Exercise ActiGraph Seniors, N = 718, mean age Mixed effects regression Socially supportive environment related to Carlson et al.
Behaviour and others (accelerometer) 744+ 6.3,7 days 30 min. to 1 h. of physical activity in (2012) [42]

participants with positive psycho-social

attributes and up to 30 min. for those with less

positive psycho-social attributes.

Social support

Hospital Anxiety and Depression
Score (HADS), Short Form Health
Survey (SF-36)

RT3 (accelerometer),

waist

Seniors, N = 547, mean age
79 £ 8,7 days

Multiple regression

Number of people nearby to turn to associated

with higher physical activity (Rz = 0.32).

McMurdo etal.
(2012) [43]

Social support

Custom questionnaire to estimate social
networks and social engagement,
Center for Epidemiological Studies
Depression (CES-D), Montreal Cognitive
Assessment (MoCA), and others

Actiwatch Spectrum Seniors, N = 673, mean age

(accelerometer),
non-dominant wrist

719 +£7.2,3 days

Multivariate linear
regression

Larger social networks (p = 0.04),

Hoetal.

higher network proportion of friends (p = 0.01), (2018) [44]

more frequent visiting with neighbors (p < 0.01),

and more frequent attendance at organized

group meetings (p = 0.03) associated with higher

physical activity intensity levels.
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Table 1. Cont.

5 0f 86

TechRO: Name, Study: Population,

Co-Calibration:

Outcome PRO: Name Position on Body  Sample, Duration Method Results Reference
Social support  Iowa-Netherlands Comparison Fitbit Flex College women, N = 80, Multilevel regression  Increase in negative social interactions Arigo et al.
Orientation Measure, Rochester Social (consumer mean age 20 + 1.07, 7 days (especially with friends) were consistently (2019) [45]

Comparison Record, and others

‘wearable), wrist

associated with decreases in daily physical
activity with high variability.

Social support

University of California Los Angeles

Loneliness Questionnaire

Fitbit Flex 2
(consumer
wearable), wrist

First-year college students,
N = 160, 16 weeks
(one semester)

Data mining (Apriori),
machine learning
classification
(gradient boosting,
logistic regression)

Binary level of loneliness can be detected with
80.2% accuracy. More physical activity and less
sedentary behaviour associated with

less loneliness.

Doryab et al.
(2019) [46]

Anxiety and

Patient Health Questionnaire (PHQ-9),

SenseWear Indi

iduals with chronic major Wilcoxon signed rank

Physical activity results in an improvement in

Adams et al.,

Depression Generalised Anxiety Disorder 7-Item (accelerometer), arm depressive disorder or a bipolar difference test anxiety and depression in patients with chronic 2015 [47]
Scale (GAD-7), International Physical 2 disorder, N = 14, age range depression (median depression score
Activity Questionnaire (IPAQ), Social 42-72, mean age 54.5 + 8.7, decreased 38%, p < 0.05).
Support, and others 7 days (wear), 14 weeks (study)
Anxiety and Patient Health Questionnaire (PHQ-9), ~ ActiGraph GT3X+  Anxiety and depression Analysis of variance No significant results; depressed participants Helgadottir etal.
Depression Mini International Neuropsychiatric (accelerometer) patients, N = 165, age range ~ (ANOVA), analysis of  tended to be less active at light (2015) [48]
Interview (MINI), 18-65, mean age 41.8 +11.6,  covariance (ANCOVA), intensity (8 = —2.21, p < 0.01).
Montgomery-ADepression Rating 7 days paired t-tests
Scale (MADRS)
Anxiety and Depression Anxiety Stress Scale (DASS)  Fitbit (consumer University students and staff, ~Analysis of variance An increase in steps correlated with a Liau etal.
Depression wearable), wrist N =85, mean age 22 £ 3,3 (ANOVA) decrease in depression for female participants.  (2018) [49]

weeks

Anxiety and University of California Los Angeles Life Fitbit Charge 2 Female adolescents, N = 30, Pearson correlation, Within-person fluctuations in stressful life Vidal Bustamante

Depression Stress Interview (LSI), Generalized (consumer mean age 16.4 + 0.8, 1 year, Bayesian multilevel events were associated with variability in etal. (2020) [50]
Anxiety Disorder 7-Item Scale (GAD-7),  wearable), wrist mean wear 7 months models sleep duration (r = 0.48, p < 0.05). Within-person
Patient Health Questionnaire (PHQ-9) increases in sleep duration variability correlated

with greater depression symptoms (rs = 0.38,
p < 0.05) while sleep regularity correlated with
lesser depression (rs = —0.44, p < 0.05).

Memory Montreal Cognitive Assessment (MoCA), MotionWatch 8 N =151, min. age 55, Paired t-test, analysis of Participants with probable mild cognitive Falck et al.
Alzheimer Disease Assessment (accelerometer), mean age 71.1 £ 7.2, 5 days covariance (ANCOVA), impairment were less active and more sedentary, (2017) [51]
Scale-Cognitive-Plus (ADAS-Cog Plus) ~ wrist multiple linear better ADAS-Cog Plus performance correlates

regression with more physical activity and less
sedentary behavior.

Memory Self-reported learning Empatica E4 College students, N = 31, Machine learning Students’ perceived learning can be predicted ~ Giannakos etal.
experience (satisfaction, usefulness, (accelerometer), age range 21-53, mean age (random forest, support accurately from the physiological data (2020) [52]
and performance) non-dominant wrist 24 =+ 5.9, 35 min vector machine with 3 (89% accuracy).

separate kernels)
Memory Enroll-HD cognitive battery Fitbit Individuals with Huntington’s  Correlation tests Medium to strong correlations between motor ~ McLaren et al.

(consumer wearable) disease, N = 70 (20 healthy

controls), 3 uses across 8 days

symptoms and cognitive tasks (r = —0.34-0.54).

(2020) [53]
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Table 1. Cont.

6 0f 86

TechRO: Name,

Study: Population,

Co-Calibration:

Outcome PRO: Name Position on Body  Sample, Duration Method Results Reference
Sleep Pittsburgh Sleep Quality Index (PSQI), Q-sensor Undergraduate students, Machine learning Skin conductance, skin temperature, Sano et al.
Perceived Stress Scale (PSS), Short Form  (accelerometer), N = 66, mean age 20.1 = 1.5,  (classification, support and acceleration classified poor/good sleep with (2015) [54]
Health Survey (SF-12) dominant hand 30 days vector machine with2  80-90% accuracy.
separate kernels)
Sleep Pittsburgh Sleep Quality Index (PSQI), Fitbit Flex (consumer College students, N = 218, Path model, Correlations between sleep duration from PSQI ~ Peach et al.
Charlotte Attitudes Towards Sleep Scale  wearable), wrist age range 18-38, mean age Spearman correlation  and Fitbit (rs = 0.33, p < 0.01). (2018) [55]
(CATS), Sleep Hygiene Practice Scale 20.3 +2.5,7 days
(SHPS), and others
Sleep Pittsburgh Sleep Quality Index (PSQI) Fitbit Flex 2 Military individuals, N = 17,  Wilcoxon signed rank ~ Moderate correlation between PSQI and Fitbit ~ Thota et al.
(consumer 2 weeks difference test, sleep durations (rs = 0.643, p = 0.005). (2020) [56]
wearable), wrist Spearman rank Top contextual factors disrupting sleep were
correlation test pain, noises, and worrying.
Quality of Life  Self-reported health scale (5 levels) ActiGraph GTIM  Seniors, N = 560, age range  Analysis of variance 51% higher physical activity level was registered Lohne-Seiler
(accelerometer) 65-85, mean age 71.6 + 5.6, (ANOVA) in those with very good health compared to etal.
7 days those with poor and very poor health. (2014) [57]
Quality of Life  Short Form Health Survey (SF-12), Fitbit Zip Lumbar spine surgery patients, Paired t-test, No significant correlation between the Mobbs et al.
Oswestry Disability Index (ODI) (consumer wearable) N = 30, mean age 42.6 + 10.3, Pearson correlation improvement in steps (p > 0.2) or distance (2015) [58]
7 days (pre-operatory wear), traveled per day (p > 0.3).
6 months (post-operatory wear)
Quality of Life  Eastern Cooperative Oncology Group Fitbit Charge HR Advanced cancer patients, Spearman correlation, ~ Correlations were observed between average Gresham et al.
Performance Status (ECOG-PS), (consumer N = 37, age range 34-81, Kaplan-Meier curves,  daily steps and ECOG-PS (rs = —0.63, p < 0.05) (2018) [59]
Karnofsky Performance Status (KPS), ‘wearable), wrist median age 62, 2 weeks multivariate and KPS (rs = 0.69). Correlations were also
Patient-Reported Outcomes Measurement proportional hazards  observed between distance and ECOG-PS
Information System (NIH PROMIS) (rs = —0.61) and KPS (rs = 0.66).
Quality of Life  EuroQoL with 5 Dimensions and Fitbit One Stroke patients, N = 27, Correlation tests Quality of Life health score correlates with the ~ Sasaki et al.
3 Levels (EQ-5D-3L) (consumer mean age 69.5, 7 days number of steps (r = 0.46, p < 0.03). (2018) [60]
‘wearable), belt
Quality of Life  Short Form Health Survey (SF-12), Fitbit Flex Knee arthroplasty patients, Multiple linear Significant correlations of SF-12 (physical Twiggs et al.
Knee Injury and Osteoarthritis Outcome  (consumer N =91, mean age 67 + 13, regression, Spearman  component summary) and post-operative step  (2018) [61]
Score (KOOS) wearable), 7 days for 3 times points rank correlation count (rs = 0.521, p < 0.05).

non-dominant wrist

(2 weeks before surgery,
day after surgery, and 2 weeks
after surgery)

The magenta font color highlights important limitations to the existing studies.
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2. Materials and Methods

In this section, we describe the coQoL method applied within our study context (Section 2.1),
participants (Section 2.2), protocol (Section 2.3), measured outcomes (Section 2.4), and data analysis
(Section 2.5).

2.1. Study Context

We conducted this research as part of the EU AAL Caregiver and ME (CoME, No. 14-7), a research
project and software application (2017-2020) aimed at self-management of health for individuals of
old age at risk of mild cognitive impairments and their informal caregivers [20]. The goals of the
CoME project were (1) to relieve the caregiver pressure through monitoring of physical, intellectual,
emotional, and social wellbeing of the persons in need of care and (2) to increase seniors’ wellbeing
and autonomy in their environment and lower the risk of dementia [62] and healthcare costs in the
long term. We achieved the goals by monitoring the seniors’” state, behaviours (including physical
activity and sleep), and other factors that influence the risk of dementia [22]. The study was purely
observational; it did not include any behaviour intervention elements.

2.2. Study Participants

Individuals of older age, owning a smartphone or willing to use a smartphone provided to them,
were invited to the care centre in their city (Spain and Hungary) to participate in the study. Forty-two
individuals (mean age 69.8 £ 7.4) agreed to join CoME from January 2017 to December 2019.

2.3. Study Protocol

All individuals were informed about the study goals and gave their written informed consent
for inclusion before the start of the study. We conducted the study under the Declaration of Helsinki.
The institutional review board at the University of Geneva (Switzerland) approved the protocol
(CoME, No. 14-7) on April 28, 2016. The study protocol pseudonymized all participant identities.

Upon the first visit at the care centre, the participants attended an informational workshop about
the project aims. They received Fitbit Charge 2 wearable devices as their own (for the study duration
and beyond). Furthermore, they filled a profile questionnaire and registered personal accounts in the
CoME software application. Then they associated the Fitbit wearables to their accounts.

In the first and subsequent visits spread through a few months to a year from January 2017 to
December 2019, the participants answered several questionnaires (PROs). Whenever needed, they were
assisted by caregivers through this process. However, the participants were not explicitly informed
about when they will have filled which of the questionnaires to avoid any activity pattern change
before the visit.

2.4. Measured Outcomes

The study collected PROs from questionnaires with validated scales and TechROs from Fitbit
Charge 2 consumer wearables. The PROs and TechROs were then co-calibrated by using the coQoL
method illustrated in Figure 1.
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Allow maximum 1 alignment per wave
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PRO-TechRO Pair Set of Pairs
Step 4 Inference Step 5 Patterns
statistical hypothesis testing from correlations to patterns
Statistical Correlations Patterns of Correlations
TechROj TechROk
Spearman r, 0.75 PROI 10.58 0.75

Figure 1. coQoL: a method for PRO and TechRO co-calibration (example for MSPSS PRO).

2.4.1. Patient-Reported Outcomes (Profile)

8 of 86

At the first visit, in the profile, participants provided their age, gender, ethnicity, profession,

education, cohabitants status, height, weight, blood pressure, cholesterol, smoking, alcohol,
medication (hypertension), history of personal health issues (diabetes, apnea, insomnia, hyperglycemia,
stroke, infarct, depression), and history of family health issues (hypertension, diabetes, stroke,

heart attack, dementia).

We included in the analysis participants who self-reported mild disease. We selected participants
into three health groups: (1) all participants (denoted as the all health group), (2) only the healthy

participants (healthy), and (3) only those with mild disease (diseased).
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2.4.2. Patient-Reported Outcomes (PROs)

During several study visits, the participants provided answers to questionnaires for eight
PROs: physical activity (IPAQ), social support (MSPSS), anxiety and depression (GADS), nutritional
adherence to the Mediterranean diet (PREDIMED), nutrition (SelfMNA), memory (MFE), sleep (PSQI),
and health-related QoL (EQ-5D-3L). Appendix B.1.1 describes the questionnaires in depth.

We administered the questionnaires in the languages of the respondents (Spanish or Hungarian).
Appendix B.1.2 elaborates on the administration of the questionnaires.

The days of administration resulted in distinct periods of answers separated by a few months to
one year. We denote these periods as waves of participation.

We coded the answers and computed the scores (and sub-scores, where available) according to the
validated scale of each questionnaire. This procedure is depicted as Step 1A in Figure 1. Appendix B.1.3
provides details on the scoring.

We derived for the analysis the following PRO-based variables: (1) the individual questions in
the questionnaire (denoted items), the sub-scores (where available), and the scores (where available).
Most scales have a numeric score and a categorical score. Most sub-scores are numeric.

This procedure corresponds to Step 3A in Figure 1. All variables can be seen in Table 2.
Appendix B.1.4 details the variable derivation for PROs.

Table 2. Variables derived from the PROs.

Outcome Scale Item Variables  Score Variables Total

Physical International Physical Activity 15: 11 for the 8: 4 for the domain 23

Activity Questionnaire (IPAQ) [26] combinations of numeric scores, 3 for
domains and the intensity numeric

intensities, 4 for  scores, and 1 for the
the domain totals overall numeric score

Social Support Multi-Dimensional Scale Perceived 12 for the items  5: 3 for the numeric 17
Social Support (MSPSS) [27] sub-scores and 2 for the
numeric and
categorical scores

Anxiety and Goldberg depression and anxiety 18 for the items 2 for the numericand 20
Depression scale (GADS) [28] categorical scores

L. Prevention with Mediterranean . .
Nutrition Diet (PREDIMED) [29,30] 14 for the items 2 for the numericand 16

Mediterranean categorical scores
Nutrition Self-Reported Mini Nutritional 5 for the items 2 for the numericand 7
Assessment (SelfMNA) [31] categorical scores
Memory Memory Failures of Everyday 28 for the items 2 for the numericand 30
(MEFE) [32] categorical scores
Sleep Pittsburgh Sleep Quality Index 18 for the items  10: 8 for the sub-scores 28
(PSQI) [33] and 2 for the numeric
and categorical scores
Health-Related EuroQoL health questionnaire 6 for the items 0 (the scores coincide 6
Quality of Life (EQ-5D-3L) [34] with the items)

2.4.3. Technology-Reported Outcomes (TechROs)

We collected the behavioural wearable markers from the daily aggregates provided by the Fitbit
daily activity summary application programmable interface (API) [63]. Appendix B.2.1 motivates our
choice for Fitbit as a personal wearable activity monitor in the context of our study.

We processed the wearable data by aggregating it over consecutive days in aggregate intervals
spanning from 7 to 120 days. We included in the analysis only days with at least 21 hours of Fitbit
measurement as valid days. Then we required each aggregate interval to have at least 70% valid days.
This procedure corresponds to Step 1B in Figure 1. Appendix B.2.2 details the data processing.



J. Pers. Med. 2020, 10, 203 10 of 86

The Fitbit consumer wearables provided TechROs as raw (energy expenditure, steps, heart rate)
and processed according to Fitbit’s internal activity recognition algorithms (sedentary duration,
durations of physical activity at the light, fair, and vigorous intensities, and sleep) [35].

We derived TechRO-based variables in two amounts. The absolute amount refers to the TechROs
enumerated above. For this amount, we computed for each interval the median of daily measurements.

We derived the relative amount variables from the total daily durations of physical activity
(and, separately, physical activity and sleep for all 24 h [64]), transformed into compositions [65],
and expressed as centred log-ratios (CLR). For this amount, we computed for each interval the
geometric mean of the daily compositions.

Each amount has two families.  The absolute amount has the (absolute) raw family
(for energy expenditure, steps, and heart rate) and the (absolute) processed family (for the durations
of sleep and physical activity at the four intensities reported by Fitbit: sedentary, light, fair, and vigorous).
As Fitbit had not provided thresholds for the reported physical activity intensities (see [66-68]), we also
included cumulative variables of adjacent pairs of intensities, e.g., light+fair. Furthermore, we included
a total daily active duration that added all non-sedentary intensity durations.

The relative amount has the (relative) centred log-ratio for physical activity family (CLR PA) that adds
for each day the durations of physical activity at the four intensities above, and the (relative) centred
log-ratio for physical activity and sleep family (CLR PA+S) that adds for each day the durations of physical
activity (four intensities) and sleep.

This procedure corresponds to Step 3B in Figure 1. All variables can be seen in Table 3.
Appendix B.2.3 provides details on the variable derivation for TechROs.

Table 3. Variables derived from the TechROs.

Amount Family = Outcome Variable Unit

Absolute Raw Energy Median count over 7 days kcal.
Median count over 14 days
Median count over 21 days
Median count over 28 days
Median count over 60 days
Median count over 90 days
Median count over 120 days

Steps Median count over [...] days ~ count
Heart rate Median beats over [...] days bpm.
Processed Sedentary Median duration over [...] days min.
Sedentary+Light Median duration over [...] days
Light Median duration over [...] days
Light+Fair Median duration over [...] days
Fair Median duration over [...] days
Fair+Vigorous  Median duration over [...] days
Vigorous Median duration over [...] days
Active Median duration over [...] days
Sleep Median duration over [...] days
Relative CLRPA  Sedentary Geometric mean over [...] days -
Light Geometric mean over [...] days
Fair Geometric mean over [...] days
Vigorous Geometric mean over [...] days
CLR PA+S Sedentary Geometric mean over [...] days
Light Geometric mean over [...] days
Fair Geometric mean over [...] days
Vigorous Geometric mean over [...] days

Sleep Geometric mean over [...] days
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2.4.4. Co-Calibration (PROs vs. TechROs)

We co-calibrated PROs with TechROs by alignment. Concretely, for a PRO variable to align
to a TechRO variable, the administration date of the former must have been within a set duration
(0-120 days) from the end date of the latter.

To account for small samples, we allowed a leeway (0-120 days) between the end of the TechRO
monitoring interval and the PRO scale administration date.

For each participant, we included only the last alignment in a wave, to discard repeated answers
within a few minutes and reduce bias towards overly diligent responders.

When we aligned PROs with TechROs of increasing durations, the number of paired
observations decreased; we thus required a minimum of 10 observations to have a nontrivial size [69].

For each PRO-TechRO pair, we reported the highest correlation among all aggregation intervals
of TechRO (7-120 days) aligned to match the PRO administration date. We included only significant
correlations, i.e., those correlation coefficients whose 95% confidence interval maintained sign.
This procedure corresponds to Step 2 in Figure 1. Appendix B.3 elaborates on the details of the
PRO-TechRO variable alignment.

2.5. Data Analysis

We conducted descriptive and inferential analyses of the PROs and TechROs. We then analyzed
patterns from the analyses.

2.5.1. Descriptive Analysis (PROs and TechROs)

The descriptive analysis consisted of summary statistics (median, mean, and standard deviation,
or SD) based on groups of participant-wave characteristics. In our study, we analyzed the participants
by their health, country, and gender self-reported groups. For PROs, we observed the statistics across
waves. Appendix B.1 elaborates on the analysis of the PRO variables. For TechROs, we observed the
statistics across the entire study period and by counting valid days, described in depth in Appendix B.2.
Appendix B.3.1 details the descriptive analysis procedure.

2.5.2. Inferential Analysis (PROs vs. TechROs)

We co-calibrated PRO variables with TechRO variables by applying the Spearman [70] statistical
test on each pair of PRO-TechRO variables resulting from the alignments. The Spearman rg statistical
correlation coefficient measures the direction and strength of the association between two variables.
We used the SciPy library [71] to implement the Spearman correlations. Appendix B.3.2 elaborates on
the motivation and assumptions for the inferential analysis. This procedure corresponds to Step 4 in
Figure 1.

2.5.3. Pattern Analysis (PROs vs. TechROs)

We used the results from the inferential analysis to highlight informative PRO variables and pairs
of PRO-TechRO. This procedure corresponds to Step 5 in Figure 1. We employed two metrics that
focus on the number of correlations (a high number of significant correlations with TechRO variables
indicates that the PRO variable is informative) and the quality of the correlations (where possible,
a strong significant correlation with other significant correlations in its vicinity indicates that the
PRO-TechRO correlation is informative).

The first metric, denoted total, counts all strong correlations (rs > 0.5) for a given PRO variable
and highlights those PRO variables that correlate with the most TechRO variables. We applied this
metric to all PRO variables.

The second metric, denoted contour, can only apply for variables that can be ordered by a criterion.
For our study, we ordered TechRO physical activity variables by their intensities (from sedentary
to vigorous). We applied this metric on strong and significant correlations (rs > 0.8) between a PRO
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and a TechRO physical activity intensity variable. The metric counted the maximum number of
adjacent significant correlations of the same PRO variable (at lower and, separately, higher intensities)
such that they would form a contiguous sequence of significant correlations that maintained the sign.
Appendix B.3.3 further explains and exemplifies this metric.

3. Results

In this section, we report the results from the study participants (Section 3.1) and analyses
(descriptive in Section 3.2, inferential in Section 3.3, and patterns in Section 3.4) as well as two use case
examples for coQoL (Section 3.5).

3.1. Study Participants

Forty-two seniors (mean age 69.8 & 7.4) signed up for the study. From these, 39 participants
(mean age 70.0 &= 7.2, 22 women, 26 from Spain 26 and 13 from Hungary) provided at least one PRO;
three participants were disqualified. Out of the qualified participants, 28 reported no health condition
(thus being in the healthy health group) and 11 reported a mild health condition (forming the diseased
health group). Participant characteristics are available in Table 4.

Table 4. Characteristics of Study Participants.

Variables Mean (SD) orn [%] Variables Mean (SD) or n [%]
Spain Hungary Spain Hungary
Count 26 [66.7%] 13 [33.3%] Health status
Age 69.2 (£5.7) 71.5 (£9.1) Healthy 18 [46.2%] 10 [25.6%]
Gender Diseased 8[20.5%] 3 [7.7%]
Women 15 [38.5%] 7 [17.9%] Smoking
Men 11 [28.2%)] 6 [15.4%] Yes 5[12.8%] 1[2.6%]
Education No 21[53.8%] 12[30.8%]
Primary 7[17.9%] 0[0.0%] Alcohol
Secondary 5[12.8%] 3[7.7%] Never 10 [25.6%] 4 [10.3%]
High school 5 [12.8%] 1 [2.6%] Monthly 5[12.8%] 5[12.8%]
University 9[23.1%] 9 [23.1%] Weekly 7 [17.9%] 1[2.6%]
Living Few days 1[2.6%] 2 [5.1%]
Alone 11 [28.2%)] 3 [7.7%] Daily 3[7.7%] 1[2.6%]
+Partner 14 [35.9%] 10 [25.6%] Systolic blood pressure 146.2 (+63.2) 124.7 (£15.0)
+Children 1[2.6%] 0[0.0%] Body massindex 25.5 (+4.64) 28.5(+4.1)

+: addition to the previous row.

3.2. Descriptive Analysis (PROs and TechROs)

3.2.1. Patient-Reported Outcomes (Questionnaires)

Three waves of PRO participation resulted from January 2017 to December 2019: wave 1
(mid-2018), wave 2 (end-2018 and start-2019), and wave 3 (mid-2019). Table 5 illustrates the waves of
participation for each participant and questionnaire.
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Table 5. PRO count answers by wave and questionnaire (N = 39 participants).
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Color coding: from orange (fewer scales answered in a wave) to yellow to green (more answered).

Figures 2 and 3 depict the numeric scores for all patient-reported outcome scales. Appendix B.1
details the results in-depth for each PRO variable.
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Figure 2. Numeric scores for Physical Activity, Social Support, Anxiety and Depression, and Mediterranean Nutrition. Dotted markings delimit levels of the

categorical score, where available (1 of 2).
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Figure 3. Numeric scores for Nutrition, Memory, Sleep, and Health-Related Quality of Life. Dotted markings delimit levels of the categorical score, where

available (2 of 2).
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3.2.2. Technology-Reported Outcomes (Fitbit)

16 of 86

Thirty-two participants provided both PROs and TechROs. Figures 4 and 5 depict the counts of
participants by monitored and valid Fitbit days, respectively. Figures 6 and 7 depict the distribution of
monitored and valid Fitbit days, respectively. Figures 8 and 9 depict the medians of TechROs across the
entire monitoring period for the participants. Appendix B.2 provides additional details on compliance

and analyses each TechRO in-depth.
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Figure 4. Count of seniors with at least the given monitored days of Fitbit (TechRO).
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Figure 5. Count of seniors with at least the given valid days of Fitbit (TechRO).
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Figure 8. Median values of TechROs (Fitbit) across the entire monitoring period: energy, steps, heart rate, and sleep (1 of 2).
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3.3. Inferential Analysis (PROs vs. TechROs)

Appendix C.2 elaborates on the Spearman rank correlations resulted from the inferential analysis
on each questionnaire and PRO-TechRO variable pair.

3.4. Pattern Analysis (PROs vs. TechROs)

We report further the results of the pattern analysis for each questionnaire: physical activity
(Section 3.4.1), social support (Section 3.4.2), anxiety and depression (Section 3.4.3), Mediterranean
nutrition (Section 3.4.4), nutrition (Section 3.4.5), memory (Section 3.4.6), sleep (Section 3.4.7),
and health-related Quality of Life (Section 3.4.8).

3.4.1. coQoL for Physical Activity (IPAQ vs. Fitbit)

We report the correlations of PRO physical activity variables (IPAQ) with TechRO variables (Fitbit)

by using the total and contour metrics.

Physical Activity Outcomes by Total Numbers of Correlations

Table 6 highlights the PROs that correlated with the most TechROs (rs > 0.5) across all TechRO
families by health group.

Table 6. PROs with high total count of significant Spearman correlations (rg > 0.5) with TechROs.

Outcome PRO Health PRO TechRO Families
Item/Sub-Score/Score Raw Processed CLR PA CLR PA+S All

Physical activity IPAQ All Domestic moderate activity 4 2 -87

Physical activity TPAQ All Domestic+garden total activiy 3 2 3 8

Physical activity TPAQ All Garden moderate activity 4 2 7

Physical activity IPAQ All Leisure moderate activity - 3 2 7

Physical activity IPAQ Healthy Domestic moderate activity 2 4 3 11

Physical activity IPAQ Healthy Garden moderate activity 6 4 10

Physical activity IPAQ Diseased Garden vigorous activity - 6 3 12

Physical activity TPAQ Diseased Leisure vigorous activity 2 6 2 12

Physical activity IPAQ Diseased Work vigorous activity - 5 3 11

Physical activity IPAQ Diseased Work moderate activity 2 5 - 10

Social support MSPSS All Q8: family talks about problems 4 3 10

Social support MSPSS All Q11: family willing to help make decisions 5 2 10

Social support MSPSS Healthy Q3: family tries to help 6 3 4

Social support MSPSS Healthy Q6: friends try to help 2 4

Social support MSPSS Healthy QO: friends share joys and sorrows 2 4

Social support MSPSS Healthy Q12: friends talk problems 2 3

Social support MSPSS Healthy Q10: special person cares about feelings 4 12

Social support MSPSS Healthy Friends numeric sub-score 6 2 3 12

Social support MSPSS Diseased Q2: special person shares joys and sorrows 5

Social support MSPSS Diseased Significant other numeric sub-score 4

Anxiety and depression GADS All Q6D: lost weight due to poor appetite 5 3

Anxiety and depression GADS All Q8A: worried about own health 4 4

Anxiety and depression GADS All Q1D: lacking energy 3 3

Anxiety and depression GADS Healthy Q2D: lost interest in things 6 3

Anxiety and depression GADS Diseased Q2A: worrying a lot 6 2

Mediterranean nutrition PREDIMED All Categorical score 4 3

Mediterranean nutrition PREDIMED All Numeric score 3 4 9

Mediterranean nutrition PREDIMED All Q12: nuts use 7

Mediterranean nutrition PREDIMED All Q14: sofrito use 2 5 7

Mediterranean nutrition PREDIMED Healthy Q4: fruit use - 3 2 7

Mediterranean nutrition PREDIMED Healthy Categorical score 2 -— 6

Nutrition SelfMNA  All Categorical score 2 2 6

Nutrition Self MNA  Healthy Categorical score 5

Nutrition Self MNA  Diseased Q2: weight lost 3 2 7

Nutrition Self MNA  Diseased Q1: food intake declined 2 2 6
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Table 6. Cont.

Outcome PRO Health PRO TechRO Families
Item/Sub-Score/Score Raw Processed CLR PA CLR PA+S All
Memory MFE All Q12: having difficulty picking up a new skill 6 1 4 11
Memory MFE All Q14: forgetting to do planned things 5 2 3 10
Memory MFE All Q6: forgetting time of events 4 3 2 9
Memory MFE Healthy Q6: forgetting time of events 1 7 3 3 14
Memory MFE Healthy Q15: forgetting details of done things 7 2 4 13
Memory MFE Healthy Q12: having difficulty picking up a new skill 6 3 3 12
Memory MEFE Healthy Q14: forgetting to do planned things 1 6 2 B 12
Memory MFE Diseased Q13: having a word on the tip of the tongue 1 7 3 2 13
Memory MFE Diseased Q25: getting lost in often visited place 7 3 2 12
Sleep PSQI All Q7: trouble staying awake driving, eating, socializing | 2 5 4 B8 14
Sleep PSQI All Q4: duration of actual sleep 1 5 3 2 11
Sleep PSQI All Daily dysfunction numeric sub-score 1 4 3 2 10
Sleep PSQI Healthy Q4: duration of actual sleep 1 5 3 2 11
Sleep PSQI Healthy Q5C: trouble sleeping due to using the bathroom 4 4 2 10
Sleep PSQI Healthy Q7: trouble staying awake driving, eating, socializing = 2 5 3 10
Sleep PSQI Healthy Daily dysfunction numeric sub-score 2 3 3 1 9
Sleep PSQI Diseased Daily dysfunction numeric sub-score 2 4 1 7
Sleep PSQI Diseased Q6: duration of actual sleep 4 2 6
Quality of Life EQ-5D-3L All Q6: health state today 4 1 3 8
Quality of Life EQ-5D-3L All Q4: pain/discomfort 2 1 6
Quality of Life EQ-5D-3L Healthy Q4: pain/discomfort 4 2 1 7
Quality of Life EQ-5D-3L Diseased Q5: anxiety/depression 2 3 5

Color coding: from orange (less correlations) to green (more correlations).

In the health group with all participants, when assessing totals of correlations, PRO moderate
activity in the domestic, garden, and leisure domains correlated with the most TechROs (Table 6).

In the group with healthy participants, PRO moderate activity in the domestic and garden domains
had the most correlations with TechROs as well. The domestic moderate and garden moderate activity were
also the only two PROs highlighted by the total metric in the groups with all and healthy participants.

In the group with diseased participants, PRO vigorous in the garden and leisure domains
correlated with the most TechROs, followed by the PRO moderate and vigorous activities in the work
domain (Table 6).

Physical Activity Outcomes by Contours of Correlations

We report the strong correlations (rs > 0.8) and their contours between PRO variables (IPAQ) and
TechRO variables (Fitbit) in Table 7.

In the health group with all participants, when assessing strong correlations, the PRO domestic
moderate activity had a small contour of correlations with the TechRO light+fair physical activity.
Also, the PRO work vigorous activity may explain the TechRO active duration without a contour
(Table 7, rows with Health: All).

In the group with healthy participants, only two strong correlations emerged without
contours. PRO work moderate and total activity correlated with the TechRO fair activity duration
(Table 7, rows with Health: Healthy).

In the group with diseased participants, we found numerous correlations with and without
contours in the work domain. A positive relationship with a broad contour occurred between PRO work
moderate activity and TechRO fair activity duration. Furthermore, PRO work moderate activity correlated
negatively with TechRO sedentary duration. However, work activity at the two extreme intensities
(walking and vigorous) also correlated negatively with relative light activity (Table 7, rows with Health:
Diseased and PRO Domain: Work).

For the PRO garden domain, PRO wvigorous activity correlated negatively with contours with
TechRO relative sedentary and light activity, indicating that it may redistribute physical activity across
the other intensities over the day (Table 7, rows with Health: Diseased and PRO Domain: Garden).
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For the PRO leisure domain, walking activity correlated without contours with energy and steps.
PRO leisure vigorous activity correlated positively with TechRO fair+vigorous activity durations and
negatively with TechRO absolute sedentary and relative light durations. The PRO leisure total activity
had a correlation with contour consistent with the previous correlation: negative relationship with
TechRO sedentary+light activity (Table 7, rows with Health: Diseased and PRO Domain: Leisure).

The PRO vigorous activity in the work domain appeared in both groups with all and diseased
participants. However, its correlations were divergent: for all participants, the work vigorous associated
with the total daily activity, while for the mildly diseased, it may replace light activity. The moderate
activity at work had inverse relations with fair activity for diseased (positive) and healthy (negative)
participants. However, for the diseased, the correlation had a broad contour, while for the healthy
it had none. In this case, the latter relation may have been a false positive (Table 7, rows with
PRO Domain: Work).

Across numerous PROs, the TechRO of sedentary activity correlated strongly only for diseased
participants and mostly in relative families. PRO moderate to vigorous activity at work, in the garden,
and for leisure all negatively correlated with TechRO daily sedentary duration. These results indicate that
moderate activity may contribute to lower measured TechRO sedentary duration, but the redistributions
of daily time to other TechRO intensities may vary between TechRO fair and vigorous intensities.
(Table 7, rows with Health: Diseased and TechRO Variable: Sedentary).

Table 7. Summary of strong and significant Spearman rank correlations (rg > 0.8) between PROs of
physical activity (IPAQ scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Domain Variable Amount Family  Variable Lower rs Higher
All Work Vigorous activity Absolute Processed Active +0.8
All Domestic Moderate activity Absolute Processed Light+fair +0.7 +0.8 x
Healthy Work Moderate activity Absolute Processed Fair x =08 x
Healthy Work Total activity Absolute Processed Fair x =08 x
Diseased Work Walking activity Relative CLRPA  Light -07 —-08 x
Diseased Work Moderate activity Absolute Processed Fair x 408 +0.7 +0.7
Diseased Work Moderate activity Relative CLRPA  Sedentary —-08 x
Diseased Work Vigorous activity Relative CLRPA  Light —-07 —0.8 —0.6
Diseased Garden Vigorous activity Relative CLRPA  Light —-0.7 -0.8 —0.5
Diseased Garden Vigorous activity Relative CLR PA+S Sedentary —-0.8 —0.7
Diseased Leisure Walking activity ~Absolute Raw Energy +0.8
Diseased Leisure Walking activity ~Absolute Raw Steps +0.8
Diseased Leisure Vigorous activity Absolute Processed Fair+Vigorous x 408 +0.6
Diseased Leisure Vigorous activity Relative CLRPA  Sedentary -08 x
Diseased Leisure Vigorous activity Relative CLRPA  Vigorous x  +0.8
Diseased Leisure Vigorous activity Relative CLR PA+S Light -0.7 0.8

Diseased Leisure Total activity Absolute Processed Sedentary+light —0.6 —0.8

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

Physical Activity Outcomes Highlighted by Both Metrics

For the health group with all participants, the domestic moderate activity appeared with both metrics.
This result is in concordance with the strong correlations in the PRO domestic domain mentioned above
(Tables 6 and 7, rows with Health: All).

In the group with diseased participants, the total metric results confirmed those using the contour
metric for the PRO work domain at moderate and vigorous intensities (Tables 6 and 7, rows with
Health: Diseased).
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Physical Activity Outcomes Interpretation

In the health group with all participants, we observed several “expected” correlations. The PRO
domestic moderate activity associated with the TechRO absolute light+fair activity duration. This effect
is only visible for the total metric, indicating that PRO domestic and garden moderate activity may
redistribute physical activity across numerous TechRO intensities.

In the group with diseased participants, PRO work moderate associated with the TechRO absolute
fair activity duration. For the same health group, leisure walking activity correlated with both energy
and steps, while PRO vigorous activity correlated with both absolute fair+vigorous activity and relative
vigorous activity (when including sleep).

In this group, we also found “expected” correlations between PROs and TechRO sedentary duration.
PRO moderate activity at work, vigorous activity in the garden, and vigorous activity for leisure associated
negatively with TechRO sedentary duration. The TechRO sedentary+light duration associated negatively
with the PRO total active effort as well.

Other associations indicate potential activity replacements (within TechRO) for the same health
group (diseased). Walking at work associated negatively with the relative duration of activity at the
light intensity, indicating that, when they walk at work, they tend to perform less light activity elsewhere.
Also, the vigorous activity effort may replace light activity duration during the day, indicating that the
participants tend to limit their physical activity to a narrow spectrum of intensities.

The distribution of results per families of TechROs indicates that for the groups with all
participants and the healthy, the absolute families may provide most, if not all, strong correlations.
However, for the diseased group, measuring the entire physical activity duration and including sleep
uncovered associations weaker or non-significant otherwise. For this group, measuring only raw
energy or steps TechROs may be indicative of their leisure walking efforts, potentially useful for more
sedentary participants who do not work.

Both metrics highlighted all IPAQ domains except transport. The PRO transport physical activity
was not indicative of TechRO physical activity measures, potentially due to the lower and fewer
correlations with transport. However, the raw responses indicate that transport walking activity may
associate with the numeric score of physical activity.

3.4.2. coQoL for Social Support (MSPSS vs. Fitbit)

We report the correlations of PRO social support variables (MSPSS) with TechRO variables (Fitbit)
by using the tofal and contour metrics.

Social Support Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Social Support, enumerates the PROs that correlated with the most
TechROs (rs > 0.5) across all families by health group.

In the health group with all participants, PRO family items Q8 (talks about problems) and Q11
(willing to help make decisions) correlated with the most TechROs.

In the group with healthy participants, PRO friends items, Q6 (friends try to help), Q9 (friends share
joys and sorrows), and Q12 (friends talk about problems), had relatively more correlations with TechRos
than PRO significant other or family items. Furthermore, the PRO friends numeric score had many
correlations with TechROs.

In the group with diseased participants, PRO family Q4 (family gives emotional help and support)
correlated negatively with TechRO absolute sedentary duration and Q12 (friends talk about problems)
positively with the TechRO steps (Table 8, rows with Health: Diseased).
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Table 8. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between PROs
of social support (MSPSS scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Source Variable Amount Family  Variable Lower rs Higher
All Significant other Q2: shares joys and sorrows Relative CLR PA+S Vigorous +0.3 +0.7 +0.8
All Significant other Q5: a real source of comfort Relative CLR PA+S Vigorous +04 +0.7 +0.8
All Significant other Q10: cares about feelings Relative CLR PA+S Vigorous +0.5 +0.7 +0.8
All Family Q3: tries to help Relative CLR PA+S Fair +03 +08 +07
All Family Q8: talks about problems Relative CLR PA+S Fair +0.6 +0.8 +0.8
All Family Q8: talks about problems Relative CLR PA+S Vigorous +0.6 +0.8 +0.8
All Family Numeric sub-score Relative CLR PA+S Fair +03 +0.8 x
Healthy Significant other Q1: around when in need Absolute Processed Fair x =09 —-0.6
Healthy Significant other Q2: shares joys and sorrows Absolute Processed Fair x =09 -07 —04
Healthy Significant other Q5: a real source of comfort Absolute Processed Fair x =09 -0.6
Healthy Significant other Q5: a real source of comfort Relative CLR PA+S Fair +0.4 +0.8 +0.6
Healthy Significant other Q10: cares about feelings Absolute Processed Fair x =08 —07 0.7
Healthy Significant other Numeric sub-score Absolute Processed Fair x =09 —0.6 —05
Healthy Family QB: tries to help Absolute Processed Fair x —08 —06
Healthy Family Q3: tries to help Relative CLR PA+S Fair +0.5 +0.5 +0.9 +0.6
Healthy Family Q8: talks about problems Absolute Processed Fair x =08 —05 —04
Healthy Family Q8: talks about problems Relative CLR PA+S Fair +0.6 +0.5 +0.8 +0.6
Healthy Family Q11: willing to help make decisions  Relative CLRPA  Fair +04 +0.8 x
Healthy Family Numeric sub-score Relative CLR PA+S Fair +05 +04 +0.8 +0.4
Healthy Friends Q9: share joys and sorrows Absolute Processed Light x +0.8 +0.7 +0.4
Healthy Friends Q12: talk about problems Absolute Processed Light x +0.8 +0.7
Healthy All Categorical score Absolute Processed Active +0.8
Healthy All Categorical score Relative CLRPA  Light x 408 x
Healthy All Numeric score Absolute Processed Light+Fair +0.7 +0.8 x
Healthy All Numeric score Relative CLR PA+S Fair +0.6 +0.5 +0.8 +0.4
Diseased Family Q4: gives emotional help and support Absolute Processed Sedentary -08 x
Diseased Friends Q12: talk about problems Absolute Raw Steps +0.8

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

Social Support Outcomes by Contours of Correlations

We report the strong correlations (rg > 0.8) and their contours between PRO variables (MSPSS)
and TechRO variables (Fitbit) in Table 8.

In the health group with all participants, several PRO items related to the significant other
social support, Q2 (a special person shares joys and sorrows), Q5 (a special person is a real source of comfort),
and Q10 (a special person cares about my feelings) correlated strongly and with a broad contour with
TechRO relative vigorous activity durations when including sleep (Table 8, rows with Health: All and
PRO Source: Significant other). Also, several PRO family items, Q3 (family tries to help) and Q8
(family talks about problems) as well as the family numeric sub-score correlated strongly and with a broad
contour with TechRO relative fair and vigorous activity durations when including sleep. These two
strong co-calibrations only appeared as highlighted in the CLR PA+S family (Table 8, rows with Health:
All and PRO Source: Family).

In the group with healthy participants, we observed numerous strong negative correlations with
broad contours between numerous PRO items. Several are related to the significant other source: Q1
(a special person is around when in need), Q2 (a special person shares joys and sorrows), Q5 (a special person is
a real source of comfort), and Q10 (a special person cares about my feelings) as well as the significant other
numeric sub-score and the TechRO fair physical activity duration. However, we also observed a strong,
positive correlation with a similarly sized contour with PRO item Q5 (a special person is a real source
of comfort) and TechRO fair activity duration in the relative CLR PA+S family. These results indicate
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that measuring daily sleep is necessary to co-calibrate this PRO source and TechRO physical activity
intensity (Table 8, rows with Health: Healthy and PRO Source: Significant other).

Also, several PRO family items, Q3 (family tries to help), Q8 (family talks about problems), and Q11
(family is willing to help make decisions) correlated negatively with TechRO absolute fair activity,
but positively with the relative duration at the same physical activity intensity (Table 8, rows with
Health: Healthy and PRO Source: Family), yielding a similar interpretation.

Few PRO friends items such as Q9 (friends share joys and sorrows) and Q12 (friends talk about problems)
correlated with broad contours with the TechRO absolute light physical activity duration (Table 8,
rows with Health: Healthy and PRO Source: Friends).

Also, the PRO categorical score strongly correlated without contour with the TechRO absolute daily
duration of physical activity (active) and the relative CLR PA light activity. The PRO numeric score also
correlated with the TechRO absolute light+fair activity and relative CLR PA+S fair activity, indicating
a positive relationship between social support and light to fair activity (Table 8, rows with Health:
Healthy and PRO Source: All).

In the group with diseased participants, we only observed two isolated strong correlations.
PRO family item Q4 (gives emotional help and support) correlated negatively with TechRO sedentary
duration. PRO friends item Q12 (talk about problems) correlated positively with daily steps (Table §,
rows with Health: Diseased).

PRO items Q2, Q3, Q5, Q8, Q10, and the numeric score appeared in both groups of all and
healthy participants. However, only Q8 maintained the correlation with TechRO fair physical
activity across health groups. Q12 had strong correlations in both groups of healthy and diseased
participants. However, the relationship was expressed through separate outcomes: light activity
and steps, respectively (Table 8).

Social Support Outcomes Highlighted by Both Metrics

In the health group with all participants, PRO friends Q9 (friends share joys and sorrows) and Q12
(friends talk about problems) were highlighted as strongly correlated by both contour and total metrics,
and thus informative for co-calibration with TechROs (Tables 6 and 8, rows with Health: All).

In the group with healthy participants, for the significant other and family sources of social support,
Q10 (a special person cares about my feelings) and Q3 (family tries to help) appeared as informative with
both metrics (Tables 6 and 8, rows with Health: Healthy).

Social Support Outcomes Interpretation

In the health group with all participants, several PRO items related to the significant other and
family social support. They alternatively correlated with TechRO relative fair and vigorous activity:
family items to the fair activity, and significant other items to the vigorous activity. All correlations
resulted from relative TechROs including sleep. For this reason, the assessment of social support may
benefit from the inclusion of sleep in the analysis.

In the group with healthy participants, the PRO social support from the significant other had
negative correlations with TechRO fair activity in the absolute amount and positive correlations with
fair activity in the relative amount (including sleep). This pattern was also pronounced for the items
related to family social support. Sleep changed the ordering of durations throughout the day across the
healthy participants. We argue for including sleep in the analysis of significant other and family social
support for healthy seniors. Having friends who share joys and sorrows and, in general, talk about problems,
associated with more light activity.

In the group with diseased participants, emotional help and support from the family associated with
less sedentary time throughout the day. Also, having friends who talk about problems associated with
more steps.

In general, the significant other being a real source of comfort appeared in most instances, followed by
having someone who cares about feelings, then having someone who shares joys and sorrows, and then
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(at a distance) having a special person around when in need. Having a significant other who is a source of
comfort may serve as a proxy item for more frequent assessments of the relationships between significant
other social support and physical activity at the fair to vigorous intensities.

Having a family that tries to help, talks about problems, and wishes to help make decisions appeared
in three groups across metrics. However, getting emotional help and support from the family only
appeared once. Frequent administrations of the MSPSS may choose to assess the relationships between
family social support and fair physical activity by using only the first three items.

Having friends with whom to talk about problems appeared in three groups across metrics.
Having friends who try to help and share joys and sorrows appeared less often with strong correlations and
contours but had numerous correlations in total. We argue that counting on friends when things go wrong
is a less prominent item in assessing relationships between friends social support and physical activity.

3.4.3. coQoL for Anxiety and Depression (GADS vs. Fitbit)

We report the correlations of PRO anxiety and depression (GADS) with TechRO variables (Fitbit)
by using the total and contour metrics.

Anxiety and Depression Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Anxiety and depression, enumerates the PROs that correlated with
the most TechROs (rg > 0.5) across all families by health group.

In the health group with all participants, PRO anxiety item Q8A (worried about own health), as well
as PRO depression items Q1D (lacking energy) and Q6D (lost weight due to poor appetite), recorded the
most correlations with TechROs (Table 6, row with Outcome: Anxiety and depression, Health: All).

In the group with healthy participants, PRO item Q2D (lost interest in things) had the most
correlations (Table 6, row with Outcome: Anxiety and depression, Health: Healthy).

In the group with diseased participants, PRO item Q2A (worrying a lot) had the most correlations
with TechROs (Table 6, row with Outcome: Anxiety and depression, Health: Diseased).

Anxiety and Depression Outcomes by Contours of Correlations

We report the strong correlations (rs > 0.8) and their contours between PRO variables (GADS)
and TechRO variables (Fitbit) in Table 9.

In the health group with all participants, PRO anxiety item Q5A (sleeping poorly) correlated
strongly with a broad contour with TechRO relative CLR PA+S light physical activity. We found other
isolated correlations for anxiety. PRO item Q3A (irritable) correlated with the TechRO relative vigorous
activity. PRO item Q7A (trembling [...]) negatively correlated with the TechRO daily active duration.
PRO depression items Q1D (lacking energy) and Q6D (lost weight due to poor appetite) had isolated
correlations. The PRO numeric score had a strong correlation with the TechRO relative sleep duration
(Table 9, rows with Health: All).

In the group with healthy participants, PRO anxiety item Q7A (trembling [. .. ]) correlated positively
with TechRO vigorous activity and negatively with TechRO light and light+fair activity durations (the last
with a broad contour) in both absolute and relative families. PRO item Q7A correlated negatively
with the total daily active duration. PRO item Q3A (irritable) correlated negatively with total daily
active duration. PRO depression items Q2D (lost interest in things) and Q9D (worse in the morning)
had isolated correlations, the first negative with TechRO relative CLR PA [light activity duration,
and the second with TechRO relative CLR PA+S sedentary duration. PRO item Q6D (lost weight due
to poor appetite) recorded a positive correlation as well, with TechRO relative sleep duration (Table 9,
rows with Health: Healthy).

In the group with diseased participants, we did not observe strong correlations (rs > 0.8) by using
the contour metric (Table 9, rows with Health: Diseased).
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PRO items Q3A, Q7A, and Q6D appeared in both groups with all and healthy participants.
However, only Q7A kept the same strong correlation against total daily active duration in the two
groups (Table 9).

Table 9. Summary of found strong and significant Spearman rank correlations (rs > 0.8) between PROs
of anxiety and depression (GADS scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Outcome Variable Amount Family  Variable Lower rs Higher
All Anxiety  Q3A:irritable Relative CLRPA  Vigorous x  +0.8
All Anxiety  Q5A: sleeping poorly Relative CLR PA+S Light +0.5 +0.8 +0.5 +0.3
All Anxiety  Q7A: trembling Absolute Processed Active -0.8
All Depression Q1D: lacking energy Relative CLR PA+S Vigorous x =08
All Depression Q6D: lost weight due to poor appetite Relative CLR PA+S Light x +08 X
All Both Numeric score Relative CLR PA+S Sleep +0.8
Healthy Anxiety = Q3A: irritable Absolute Processed Active —0.8
Healthy Anxiety = Q7A: trembling Absolute Processed Light+fair —0.5 —0.8 —0.5
Healthy Anxiety Q7A: trembling Absolute Processed Vigorous x  +0.8
Healthy Anxiety Q7A: trembling Absolute Processed Active —0.8
Healthy Anxiety =~ Q7A: trembling Relative CLRPA  Light x =08 x
Healthy Anxiety = Q7A: trembling Relative CLR PA+S Vigorous x  +0.8
Healthy Depression Q2D: lost interest in things Relative CLRPA  Light x =08 x
Healthy Depression Q6D: lost weight due to poor appetite Relative CLR PA+S Sleep +0.8
Healthy Depression Q9D: worse in the morning Relative CLR PA+S Sedentary +0.8 X

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

Anxiety and Depression Outcomes Highlighted by Both Metrics

In the health group with all participants, PRO items Q1D (lacking energy) and Q6D (lost weight due
to poor appetite) were highlighted by both metrics (Tables 6 and 9, rows with Health: All).

For healthy participants, PRO item Q2D (lost interest in things) appeared in both metrics as well
(Tables 6 and 9, rows with Health: Healthy).

Anxiety and Depression Outcomes Interpretation

In the health groups with all and healthy participants, irritability and trembling may expediently
assess anxiety while having lost interest in things and losing weight due to poor appetite may
assess depression. Follow-up investigations may establish whether the health state is momentary
or deteriorating over time.

PRO Trembling, tingling, dizziness, sweating, diarrhoea, or passing urine yielded numerous correlations
for healthy participants: negative correlations with TechRO light, light+fair, and total daily active
duration as well as a positive correlation with vigorous physical activity duration. When a daily life
monitor observed a gradual replacement of light to fair activity with vigorous activity (as reported by
the wearable), it may be worth investigating whether an otherwise healthy participant also becomes
gradually more anxious (by using items).

In the group with healthy participants, a decrease in light physical activity may indicate that
the participants experience an increase in depression. Researchers can then assess this hypothesis
by administering, e.g., the corresponding item in the EQ-5D-3L scale. A similar process could be
employed for all seniors by longitudinally monitoring the sleep duration relative to the 24 h of the day,
based on the corresponding strong correlations between the numeric score and the relative sleep duration.
In the case of increasingly longer sleep, the participant may enter a state of anxiety or depression.

In general, depression and anxiety positively associated with the sedentary duration, in both absolute
and relative TechRO families, especially for participants who self-report disease. The two items in the
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scale referring to sleep may provide additional insights towards not only the anxiety and depression
status of the participant, but also sleep quality.

3.4.4. coQoL for Mediterranean Nutrition (PREDIMED vs. Fitbit)

We report the correlations of PRO Mediterranean nutrition variables (PREDIMED) with TechRO
variables (Fitbit) by using the fotal and contour metrics.

Mediterranean Nutrition Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Mediterranean nutrition, enumerates the PROs that correlated with
the most TechROs (rg > 0.5) across all families by health group.

In the health group with all participants, the PRO categorical score, numeric score and items Q12
(nuts use) and Q14 (sofrito use) had the most correlations with TechROs (Table 6, rows with Outcome:
Mediterranean nutrition, Health: All).

In the group with healthy participants, PRO item Q4 (fruit use) and the categorical score had the most
correlations with TechROs (Table 6, rows with Outcome: Mediterranean nutrition, Health: Healthy).

In the group with diseased participants, we only observed PROs with reduced numbers of
correlations with TechROs across families (Table 6, rows with Outcome: Mediterranean nutrition,
Health: Diseased).

The categorical score is the only PRO that appeared with numerous correlations in the two groups
with all and healthy participants (Table 6).

Mediterranean Nutrition Outcomes by Contours of Correlations

We report the strong correlations (rs > 0.8) and their contours between PRO variables
(PREDIMED) and TechRO variables (Fitbit) in Table 10.

Table 10. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between
PROs of Mediterranean nutrition (PREDIMED scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Variable Amount Family  Variable Lower rs Higher
All Q12: nuts use Absolute Processed Fair X —09 x
All Q12: nuts use Relative CLR PA+S Light +0.6 +0.8 x
All Numeric score Absolute Processed Vigorous —0.7 —0.8
All Numeric score Relative CLR PA+S Light +06 +0.8 +0.6
Healthy Q3: vegetables use Relative CLRPA  Fair X —08 x
Healthy Q3: vegetables use Relative CLR PA+S Fair X —-0.8 —04
Diseased Q5: red meat, hamburger, or meat use Absolute Raw Energy +0.8
Diseased Q11: commercial sweets or pastries use Absolute Raw Heart rate +0.8

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

In the health group with all participants, PRO item Q12 (nuts use) had an isolated negative
correlation with the TechRO absolute fair activity, but a positive correlation (with a contour) with the
TechRO relative CLR PA+S light activity. The PRO numeric score also registered two correlations with
contours: negative with TechRO absolute vigorous activity duration and positive with TechRO relative
CLR PA+S light activity duration (Table 10, rows with Health: All).

In the group with healthy participants, PRO item Q3 (vegetables use) correlated negatively with
the TechRO relative fair activity in both CLR PA and CLR PA+S families (Table 10, rows with
Health: Healthy). While the two correlations had no contour, their presence in both families highlights
an effect.
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In the group with diseased participants, PRO item Q5 (red meat, hamburger, or meat use) correlated
positively with TechRO energy expenditure. For the same group, PRO item Q11 (commercial sweets or
pastries use) correlated positively with TechRO heart rate (Table 10, rows with Health: Diseased).

Mediterranean Nutrition Outcomes Highlighted by Both Metrics

For all participants, PRO item Q12 (nuts use) and the numeric score were highlighted by both
metrics (Tables 6 and 10, rows with Health: All).

Mediterranean Nutrition Outcomes Interpretation

In the health group with all participants, the nutrition numeric score associated with the relative
sleep duration, and using nuts had a similar correlation (both correlations with contours). Further studies
may assess whether this item can be administered independently of the full scale (for the numeric score)
to assess the relationship between (mal)nutrition and light physical activity in seniors.

With regards to poor nutrition choices and their potentially magnified effects on people with
mild disease, the consumption of red meat and hamburgers by participants with mild disease correlated
with higher energy expenditure. The consumption of commercial sweets or pastries also associated with
an increased heart rate.

The PRO numeric and categorical scores correlated with numerous TechROs, indicating a
replacement of fair to vigorous activity with the light activity.

Participants from Spain had on average more adherence than those from Hungary
(Appendix C.1.1), making the country of residence a potential confounder for the relationships above.

3.4.5. coQoL for Nutrition (SelfMNA vs. Fitbit)

We report the correlations of PRO nutrition variables (SelfMNA) with TechRO variables (Fitbit)
by using the total and contour metrics.

Nutrition Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Nutrition, enumerates the PROs that correlated with the most
TechROs (rs > 0.5) across all families by health group.

For all health groups, we found PROs correlated with few TechROs when compared to other
outcomes (Table 6, row with Outcome: Nutrition, Health: All).

In the groups with all participants and the healthy, the PRO categorical score had the most
correlations (Table 6, row with Outcome: Nutrition, Health: Healthy).

In the group with diseased participants, PRO items Q1 (food intake declined) and Q2 (weight lost)
recorded the most correlations with TechROs (Table 6, row with Outcome: Nutrition, Health: Diseased).

The categorical score is the only PRO that appeared in two health groups: the group with all
participants and the group with healthy participants (Table 6).

Nutrition Outcomes by Contours of Correlations

We report the strong correlations (rg > 0.8) and their contours between PRO variables (SelfMNA)
and TechRO variables (Fitbit) in Table 11.

We only found strong correlations (rg > 0.8) in the group with diseased participants. PRO items Q1
(food intake declined) and Q2 (weight lost) correlated negatively with the TechRO relative sleep duration.
PRO item Q4 (stressed or severely ill) correlated negatively with the TechRO absolute sedentary duration
(Table 11).
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Table 11. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between
PROs of nutrition (SelfMNA scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Variable Amount Family  Variable Lower rs Higher
Diseased Q1: food intake declined Relative CLR PA+S Sleep —0.8
Diseased Q2: weight lost Relative CLR PA+S Sleep —0.8
Diseased Q4: stressed or severely ill Absolute Processed Sedentary —0.8 X

Green (strong correlation). x depicts an absent significant correlation of the same sign next to the
strong correlation.

Nutrition Outcomes Highlighted by Both Metrics

In the group with diseased participants, PRO items Q1 (food intake declined) and Q2 (weight lost)
were highlighted by both metrics (Tables 6 and 11, rows with Health: Diseased).

Nutrition Outcomes Interpretation

In the health group with all participants, the PRO categorical score correlated with numerous TechROs.
In general, better nutrition coincided with less sedentary and light physical activity and more fair and
vigorous physical activity. In the group with healthy participants, both numeric and categorical scores
exhibited this pattern (Appendix C.2).

In the group with diseased participants, a long-term decrease in sleep duration may indicate a
decline in food intake or a loss of weight—two outcomes that appeared in both metrics and may lead
to malnutrition.

3.4.6. coQoL for Memory (MFE vs. Fitbit)

We report the correlations of PRO memory variables (MFE) with TechRO variables (Fitbit) by
using the total and contour metrics.

Memory Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Memory, enumerates the PROs that correlated with the most
TechROs (rs > 0.5) across all families by health group.

In the health group with all participants, the PRO items that correlated with the most TechROs
were Q12 (having difficulty picking up a new skill), Q14 (forgetting to do planned things), and Q6 (forgetting
the time of events) (Table 6, rows with Outcome: Memory and Health: All).

In the group with healthy participants, PRO items Q6 (forgetting the time of events), Q15 (forgetting
details of done things), Q12 (having difficulty picking up a new skill), and Q14 (forgetting to do planned things)
correlated with the most TechROs (Table 6, rows with Outcome: Memory and Health: Healthy).

In the group with diseased participants, PRO items Q13 (having a word on the tip of the tongue)
and Q25 (getting lost in often visited place) had the most correlations (Table 6, rows with Outcome:
Memory and Health: Diseased).

PRO items Q12 (having difficulty picking up a new skill) and Q14 (forgetting to do planned things) were
the only outcomes that had numerous correlations with TechROs across two groups: all and healthy
(Table 6).

Memory Outcomes by Contours of Correlations

We report the strong correlations (rs > 0.8) and their contours between PRO variables (MFE) and
TechRO variables (Fitbit) in Table 12.

In the health group with all participants, there was only one strong correlation with contour
between PRO item Q24 (forgetting where things are normally kept) and PRO fair activity in the CLR
PA family. The PRO numeric score had a negative correlation with the TechRO total daily active
duration. PRO item Q7 (completely forgetting to take things) had a strong correlation with TechRO
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relative sleep duration. PRO items Q12 (having difficulty picking up a new skill) and Q13 (finding a word on
the tip of the tongue) had negative and positive relations with TechRO relative light and fair CLR PA+S
activity durations, respectively (Table 12, rows with Health: All).

Table 12. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between
PROs of memory (MFE scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Variable Amount Family  Variable Lower rs Higher
All Q7: completely forgetting to take things Relative CLRPA+S Sleep +0.8
All Q12: having difficulty picking up a new skill Relative CLR PA+S Light x =08 x
All Q13: finding a word on the tip of the tongue Relative CLR PA+S Sleep +0.8
All Q24: forgetting where things are normally kept Relative CLRPA  Fair +08 x
All Q24: forgetting where things are normally kept Relative CLR PA+S Fair —-0.8 —03
All Numeric score Absolute Processed Active —0.8
Healthy Q7: completely forgetting to take things Relative CLR PA+S Sleep +0.8
Healthy Q10: letting ramble about unimportant things Absolute Processed Light+fair —-08 x
Healthy Q14: forgetting to do planned things Absolute Processed Fair+vigorous +0.8 +0.8
Healthy Q14: forgetting to do planned things Absolute Processed Vigorous +0.8 +0.8
Healthy Q16: forgetting the topic of an ongoing conversation =~ Absolute Processed Fair —08 —04
Healthy Q24: forgetting where things are normally kept Relative CLR PA+S Fair —-08 x
Healthy Numeric score Relative CLRPA  Fair x =08 x
Diseased Q1: forgetting objects put Relative CLRPA+S Vigorous -0.7 0.8
Diseased Q6: forgetting the time of events Absolute Raw Heart rate +0.8
Diseased Q6: forgetting the time of events Absolute Processed Light +0.7 +0.8 X
Diseased Q6: forgetting the time of events Absolute Processed Sleep —0.8
Diseased Q8: being reminded about things Absolute Processed Light+fair +0.6 +0.8 x
Diseased Q9: reading anew something already read Absolute Processed Sleep —0.8
Diseased Q13: finding a word on the tip of the tongue Absolute Processed Active —0.8
Diseased Q13: finding a word on the tip of the tongue Relative CLR PA+S Sedentary +0.8 +0.7
Diseased Q18: forgetting to tell somebody something important Absolute Processed Fair x —08 —0.8 —0.8
Diseased Q18: forgetting to tell somebody something important Absolute Processed Fair+vigorous -0.8 —-08 —038
Diseased Q18: forgetting to tell somebody something important Absolute Processed Vigorous —-08 —08 —0.8
Diseased Numeric score Absolute Processed Active —0.8

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

In the group with healthy participants, PRO item Q14 (forgetting to do planned things) had a contour
of two strong correlations with TechRO fair+vigorous and vigorous activity. PRO item Q16 (forgetting
the topic of an ongoing conversation) had a strong correlation with contour TechRO absolute fair activity
duration. PRO items Q10 (letting ramble about unimportant things) and Q24 (forgetting where things
are normally kept) had isolated negative correlations with TechRO fair activity duration. PRO item
Q7 (completely forgetting to take things) recurred in correlating strongly with sleep. The numeric score
also correlated negatively with TechRO relative CLR PA fair activity duration (Table 12, rows with
Health: Healthy).

In the group with diseased participants, PRO item Q18 (forgetting to tell somebody something
important) had a broad contour with the TechRO fair, fair+vigorous, and vigorous physical
activity duration. PRO item Q6 (forgetting the time of events) had a positive correlation with the
TechRO heart rate, a positive correlation (having a contour) with the light activity, and a negative
correlation with the sleep duration. PRO item Q1 (forgetting objects put) had a negative correlation
(contour) with the TechRO relative vigorous activity in the PA+S family. Q13 (finding a word on the
tip of the tongue) correlated negatively with TechRO daily active duration and positively with relative
sedentary duration in the CLR PA+S family. Q8 (being reminded about things) had a positive correlation
with the TechRO light+fair activity duration. The PRO numeric score correlated negatively with the
TechRO total active duration (Table 12, rows with Health: Diseased).
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PRO items Q7 (completely forgetting to take things) and Q24 (forgetting where things are normally kept),
as well as the numeric score, appeared in both groups with all and healthy participants. Items Q7 and
Q24 maintained the strong correlations between groups: positive with sleep duration and negative
with relative fair activity. The numeric score expressed the inverse relation with physical activity in
different ways depending on the health status. For all participants and the mildly diseased, it had a
negative correlation with the total daily active duration. For the healthy participants, it had a negative
correlation with the relative fair activity duration (Table 12).

Memory Outcomes Highlighted by Both Metrics

In the health group with all participants, Q12 (having difficulty picking up a new skill) was highlighted
by both metrics as an informative PRO for memory (Tables 6 and 12, rows with Health: All).

In the group with healthy participants, PRO item Q14 (forgetting to do planned things) was
informative in both metrics (Tables 6 and 12, rows with Health: Healthy).

In the group with diseased participants, PRO item Q13 (finding a word on the tip of the tongue) was
informative through both metrics (Tables 6 and 12, rows with Health: Diseased).

Memory Outcomes Interpretation

In the health group with all participants, the memory numeric score strongly associated with
shorter durations of any physical activity during the day. A negative correlation with relative fair
physical activity also reflected this pattern in the group with healthy participants. A decrease in
active duration may provide an opportunity for a long-term monitoring system to assess whether an
otherwise healthy senior is experiencing a gradual increase in memory failures.

In the groups with all participants and the healthy, forgetting where things are normally kept
associated positively with fair physical activity; however, only when accounting for sleep as well.

In the group with diseased participants, forgetting to tell somebody something important associated
with numerous TechROs, suggesting a replacement of fair and vigorous activity durations with sedentary
and light duration throughout the day. By observing this TechRO pattern longitudinally in time, a study
may administer this item towards assessing memory failures. Finding a word is on the tip of the tongue is
another PRO item that also correlated with TechRO sedentary duration and negatively correlated with
daily active duration. Further research may investigate the reliability of a more frequent assessment
than the MFE scale consisting of the items above for seniors with mild disease.

3.4.7. coQoL for Sleep (PSQI vs. Fitbit)

We report the correlations of PRO sleep variables (PSQI) with TechRO variables (Fitbit) by using
the total and contour metrics.

Sleep Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Sleep, enumerates the PROs that correlated with the most TechROs
(rs > 0.5) across all families by health group.

In the health group with all participants, PRO items Q7 (trouble staying awake driving,
eating, socialising) and Q4 (duration of actual sleep), followed by the daily dysfunction numeric sub-score,
had the most correlations with TechROs across families (Table 6, rows with Outcome: Sleep and
Health: All).

In the group with healthy participants, PRO items Q4 (duration of actual sleep), Q5C (trouble sleeping
due to using the bathroom), Q7 (trouble staying awake driving, eating, socialising) had the most correlations
with TechROs, followed by the daily dysfunction numeric sub-score (Table 6, rows with Outcome:
Sleep and Health: Healthy).

In the group with diseased participants, the PROs that correlated with the most TechROs had
relatively fewer correlations. The daily dysfunction numeric sub-score and Q6 (duration of actual sleep)
registered the most correlations (Table 6, rows with Outcome: Sleep and Health: Diseased).
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The PRO daily dysfunction numeric sub-score had numerous correlations in all three health groups.
The PRO item Q4 (duration of actual sleep) appeared in the groups with all participants and the healthy
(Table 6).

Sleep Outcomes by Contours of Correlations

We report the strong correlations (rs > 0.8) and their contours between PRO variables (PSQI) and
TechRO variables (Fitbit) in Table 13.

Table 13. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between
PROs of sleep (PSQI scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Variable Amount Family  Variable Lower rs Higher
All Q5A: trouble sleeping due to not getting to sleep Relative CLRPA+S Sleep +0.8
All Q5E: trouble sleeping due to coughing or snoring loudly Relative CLRPA  Vigorous —05 —038
All Q5F: trouble sleeping due to feeling too cold Relative CLR PA+S Light +0.6 +0.8 +0.6
All Q7: trouble staying awake while driving, eating, socializing Relative CLRPA  Light —05 —08 x
All Q7: trouble staying awake while driving, eating, socializing Relative CLR PA+S Sleep —0.8
All Latency numeric sub-score Relative CLR PA+S Sleep +0.8
All Efficiency numeric sub-score Relative CLRPA  Fair x 408 x
All Daily dysfunction numeric sub-score Absolute Processed Vigorous +0.5 +0.5 +0.8
All Daily dysfunction numeric sub-score Relative CLRPA  Light —-0.6 —08 x
All Daily dysfunction numeric sub-score Relative CLR PA+S Sleep —038
Healthy Q2: duration taken to fall asleep Relative CLR PA+S Sleep +0.8
Healthy Q3: time gotten up in the morning Absolute Raw Energy —0.8
Healthy Q5A: trouble sleeping due to not getting to sleep Relative CLR PA+S Sleep +0.8
Healthy Q5B: trouble sleeping due to waking up in the middle of the night Relative CLR PA+S Vigorous x  +0.8
Healthy Q5C: trouble sleeping due to using the bathroom Absolute Processed Light+Fair —-05 —08 x
Healthy Q5C: trouble sleeping due to using the bathroom Relative CLRPA  Light x =08 —05 —0.6
Healthy QS5E: trouble sleeping due to coughing or snoring loudly Relative CLR PA+S Light x =08 x
Healthy Q11: duration stayed in bed Relative CLR PA+S Sleep +0.8
Healthy Numeric score Absolute Processed Fair+vigorous x  +08 +0.6
Healthy Latency numeric sub-score Relative CLR PA+S Sleep +0.8
Healthy Efficiency numeric sub-score Relative CLRPA  Fair x 408 x
Diseased Q1: time gone to bed at night Absolute Processed Sleep —0.8
Diseased Q4: duration of actual sleep Absolute Processed Fair x 408 +0.8 +0.9
Diseased Q4: duration of actual sleep Absolute Processed Fair+vigorous +0.8 +0.8 +0.9
Diseased Q4: duration of actual sleep Absolute Processed Vigorous +0.8 +0.8 +0.9
Diseased Q5B: trouble sleeping due to waking up in the middle of the night Absolute Raw Energy —0.8
Diseased Q5C: trouble sleeping due to using the bathroom Absolute Raw Energy -038

Color coding: from orange (weak correlation) to green (strong correlation). x depicts an absent significant
correlation of the same sign next to the strong correlation.

In the health group with all participants, PRO sleep disturbance item Q5A (trouble sleeping due
to not getting to sleep) correlated positively with TechRO relative sleep duration. PRO items Q5E
(trouble sleeping due to coughing or snoring loudly) and Q5F (trouble sleeping due to feeling too cold)
correlated with TechRO relative vigorous activity duration (negative, CLR PA family) and light
activity duration (positive, CLR PA+S family), respectively. PRO item Q7 (trouble staying awake
while driving, eating, socialising) correlated negatively with TechRO relative sleep duration and light
activity durations. Two numeric sub-scores yielded correlations with relative sleep: latency (positive) and
daily dysfunction (negative). The daily dysfunction numeric sub-score also correlated with TechRO vigorous
activity (broad contour) and the relative light activity (contour). The efficiency numeric sub-score had an
isolated correlation with TechRO fair activity (Table 13, rows with Health: All).

In the group with healthy participants, numerous PROs correlated with TechRO sleep: Q2 (duration
to fall asleep), Q5A (trouble sleeping due to not getting to sleep), Q11 (duration stayed in bed), and the latency
numeric sub-score. Among the sleep disturbance items, Q5C (trouble sleeping due to using the bathroom) had
two contoured correlations: negative with light+fair and light activity (the latter with a broad contour)
in absolute and relative CLR PA families, respectively. The PRO efficiency numeric sub-score correlated
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again with TechRO fair activity. The numeric score correlated positively (and having a contour) with
fair+vigorous activity (Table 13, rows with Health: Healthy).

In the group with diseased participants, PRO item Q4 (duration of actual sleep) registered a broad
contour of 3 strong correlations (including rg = 0.9) with fair, fair+vigorous, and vigorous TechRO
absolute durations. PRO item Q1 (time gone to bed at night) correlated inversely with the TechRO
absolute sleep duration. Sleep disturbance items Q5B (trouble sleeping due to waking up in the middle
of the night) and Q5C (trouble sleeping due to using the bathroom) correlated negatively with energy
expenditure (Table 13, rows with Health: Diseased).

PRO items Q5A (trouble sleeping due to not getting to sleep) and QS5E (trouble sleeping due to
coughing or snoring loudly), and the latency and efficiency numeric sub-scores appeared for the groups
with all participants and the healthy. Q5A and the latency numeric sub-score maintained a strong
correlation with the TechRO sleep duration. The efficiency numeric sub-score maintained the strong
correlation with the fair activity. Q5E had an inverse relation with TechRO physical activity across
these two groups, but expressed through negative correlations with the relative vigorous duration and
the relative light duration, respectively. Q5C (trouble sleeping due to using the bathroom) was highlighted
in both healthy and diseased groups, but expressed an inverse relation with physical activity through
different outcomes: light-fair activity duration and energy expenditure, respectively (Table 13).

Sleep Outcomes Highlighted by Both Metrics

In the health group with all participants, PRO item Q7 (trouble staying awake driving, eating,
socialising) appeared as informative in both metrics (Tables 6 and 13, rows with Health: All).

In the group with healthy participants, Q5C (trouble sleeping due to using the bathroom) was an
informative PRO item that appeared in both metrics (Tables 6 and 13, rows with Health: Healthy).

Sleep Outcomes Interpretation

Several PRO items strongly correlated with sleep-specific TechROs. In the health group with
all participants, having trouble sleeping due to not being able to get to sleep as well as the sleep latency
numeric sub-score correlated with relative sleep duration while having trouble staying awake while driving,
eating, or socialising as well as the daily dysfunction numeric sub-score correlated negatively with relative
sleep duration. In the group with healthy participants, the duration to fall asleep, having trouble sleeping
due to not getting to sleep, the duration to stay in bed, and the latency numeric sub-score correlated with
longer relative sleep during the day. In the group with diseased participants, only the time gone to bed at
night correlated negatively with absolute sleep duration. Studies assessing sleep in healthy adults may
benefit from the monitoring of the entire day, not only the sleep duration, to find a higher amount of
significant outcomes.

In the health group with all participants, PRO decreased sleep quality correlated negatively with
TechRO relative light and vigorous activity. In the group with healthy participants, the sleep efficiency
numeric sub-score correlated with the relative fair activity, and using the bathroom correlated negatively
with relative light physical activity (with a broad contour). In the group with diseased participants,
the duration of actual sleep correlated with absolute fair, fair+vigorous, and vigorous durations. Having
trouble sleeping due to waking up in the middle of the night may be an indicator of already low sleep quality
in participants with mild disease.

3.4.8. coQoL for Health-Related Quality of Life (EQ-5D-3L vs. Fitbit)

We report the correlations of PRO health-related Quality of Life variables (EQ-5D-3L) with TechRO
variables (Fitbit) by using the total and contour metrics.

Health-Related Quality of Life Outcomes by Total Numbers of Correlations

Table 6, rows with Outcome: Quality of Life, enumerates the PROs that correlated with the most
TechROs (rs > 0.5) across all families by health group.
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In the health group with all participants, the PRO items with the most correlations were the health
score and Q4 (pain/discomfort). The items in this scale had relatively fewer correlations than the other
scales such as social support (MSPSS) or memory (MFE) (Table 6, rows with Outcome: Quality of Life
and Health: All).

In the group with healthy participants, PRO item Q4 (pain/discomfort) had the most correlations
with TechROs (Table 6, row with Outcome: Quality of Life and Health: Healthy).

In the group with diseased participants, PRO item Q5 (anxiety/depression) had the most correlations
with TechROs (Table 6, row with Outcome: Quality of Life and Health: Diseased).

Q4 (pain/discomfort) was the only PRO item that appeared in two groups: the group with all
participants and the group with the healthy (Table 6).

Health-Related Quality of Life Outcomes by Contours of Correlations
We report the strong correlations (s > 0.8) and their contours between PRO variables (EQ-5D-3L)
and TechRO variables (Fitbit) in Table 14.

Table 14. Summary of found strong and significant Spearman rank correlations (rg > 0.8) between
PROs of health-related Quality of Life (EQ-5D-3L scale) and TechROs (Fitbit wearable).

PRO TechRO Correlation/Contour
Health Domain Variable Amount Family Variable Lower rs Higher
Diseased Anxiety/depression Q5: anxiety/depression Absolute Processed Sedentary +0.8 X

Color coding: green (strong correlation). x depicts an absent significant correlation of the same sign next to
the strong correlation.

We only found one strong correlation in the group of participants with mild disease, between the
PRO depression and anxiety item (Q5) and the TechRO absolute sedentary duration (Table 14).

Health-Related Quality of Life Outcomes Highlighted by Both Metrics

In the group with diseased participants, Q5 (anxiety/depression) recurred in both metrics
(Tables 6 and 14, rows with Health: Diseased).

Health-Related Quality of Life Outcomes Interpretation

The PRO health state today correlated with numerous TechROs, in particular with a replacement
of vigorous physical activity duration with sleep, sedentary, and fair durations across all participants,
with a replacement of fair and vigorous durations with light activity for the healthy, and with a decrease
in fair and vigorous activity among the diseased (Appendix C.2).

Pain and discomfort also had numerous correlations with TechROs, but only for the groups with all
participants and the healthy. In participants with mild disease, having anxiety/depression correlated
with sedentary physical activity. An increase in sedentary duration for participants with already existing
mild disease may be an indication of decreased quality of life on the anxiety/depression domains which,
in the affirmative, could be further assessed by administering specialized scales.

3.5. Use Case Examples for coQoL

The coQoL method allows for the in-depth analysis of the results both in terms of measured
outcomes and individual participants. We provide two examples below, pertaining to longitudinal
data (Section 3.5.1) and the story of a participant (Section 3.5.2).

3.5.1. Longitudinal Data Example

We exemplify a very strong correlation (s = 0.9) between PROs and TechROs, to report how
the interval and leeway durations influenced the correlations. In healthy participants, the MSPSS
item Q3 (family is trying to help, PRO) correlated the strongest with the Fitbit fair physical activity
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duration in the CLR PA+S family, TechRO) for the TechRO aggregation interval of 28 days with a
decreasing pattern as the leeway increases. Table 15 presents the resulting gradients of correlations
for all combinations of TechRO aggregation interval-leeway durations and the TechRO raw data that
yielded the strongest correlation. Table 16 depicts the raw results. In this table, the relative fair column
is a centred log-ratio that has both negative (for less relative fair activity) and positive quantities (for
more relative fair activity).

Table 15. Gradient of correlations by interval durations (columns) and leeways (rows) in days.

7 14 21 28 60 90 120
0 —0.001 0.19° 0.13° [0.88° 04485 —0258 0.148
7 —027' 0.19° 0.13° 0.88° 0.44% —036° 0.148
14 —0.07% 0.16!® —0.0310{0.88° 0.44% —036° 0.148
21 —0.0723 —0.08%0 —0.1410/0.9211 0.448 —0.36° 0.27°
28 —0.072% —0.08%° 0.0117 06113 0.19° —0.36° 027°
60 —0.0723 —0.09%% —0.1321 05720 0.1710 —0.36° 0.27°
90 —0.09%* —0.062* —0.1622 0.48%1 —0.081* —0.1310 0.27°
120 —0.06%° —0.06%* —0.1622 0.4821 —0.141° 0.09'¢ —0.10!2

Color coding: from yellow (weaker correlations) to green (stronger correlations). Superscript depicts sample
size. Subscript depicts sign. All correlations are shown. Only significant correlations are highlighted.

Table 16. Raw data for a 28-day interval and a 21-day leeway that yielded the highest correlation (0.92).

Participant ID Wave Q3 (PRO) Fair (TechRO)

617 2 4 —1.49
419 1 5 —1.54
419 2 5 —1.48
643 2 6 —1.24
793 3 6 +1.05
170 3 6 +1.49
569 1 7 +2.10
133 2 7 +1.73
569 2 7 +2.09
133 3 7 +1.69
569 3 7 +1.88

Color coding: from orange (lower values) to yellow to green (higher values).

3.5.2. Participant Story Example

Participant 169 is a 69-year-old female from Hungary who self-reported mild disease. She has a
university degree, lives with her partner (no children), does not smoke, and drinks alcohol daily. She is
a diligent responder who answered in all three waves of our study, wore the Fitbit for 794 days from
which 141 were valid.

When aligning the numeric scores from the PRO scales and the TechROs (Table 17), Wave 1
(mid-2018) had the worst PRO depression and anxiety, (close to the worst) memory, and sleep as well as
(close to) the worst TechRO sedentary duration, light activity duration, (close) fair activity, and vigorous
activity duration. Wave 2 (end-2018 and start-2019) had the least adequate PRO physical activity,
adherence to the Mediterranean diet, memory, sleep, and quality of life, reflected in the least adequate
TechRO energy expenditure, steps, heart rate, sedentary duration, fair activity duration, and total
active duration per day. In Wave 3 (mid-2019), Participant 169 registered better PRO for physical
activity, depression and anxiety, memory, and sleep as well as more steps, a shorter sedentary duration,
and longer light, fair, and vigorous durations. Social support was always high but never optimal.
Nutrition and Quality of Life maintained high, but not optimal for waves 1 and 3. During the
winter, the sleep duration was higher than during the summer. This real user example illustrates
and emphasizes the importance of longitudinal state and behaviour assessments; we observed the
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change of state in participant 169 as a change in the TechRO variables that indeed associated with
worse PRO-based self-reported states.

Table 17. Summary of Characteristics of PRO (IPAQ, MSPSS, GADS, PREDIMED, SelfMNA, MFE,
PSQI, EQ-5D-3L) and median TechRO (Fitbit) over the measurement period corresponding to each
wave for Participant 169.

2
I}
@
@ g
s &
g Z
o
2 g 5 % g
s 258, g
] » oz & & «
= g o s S <
g § 2 o 9 s =
A m 2 g L £ -
g ES 2% § p E E 2
z Z9 &8 & 5 3 2 - = ~ E
= = ] 2 9 < = k= - =
@ 2%F5%2 % 242 - £ i 2 E g £ - 2
E 5% §< E & 2 & E S O L E o: E E £ £
s g5 £tz 2 e 2 ¥ E £ b B £ F $ 2 E E
- S < g S z 5 =H T g E < < g = o 5 2 =
E T T € 4 Z 3 B % £ 8§ T = i 7 g ¢ &
2 g s 232 2 & = 8 2 5 s s 5§ 5 £ s £ 2
$ Eg =22 299548 3 28 & 5 5 5 £ 8 3% 3
P 2z T £ 2 £ &£ e 28 & 68 ¢ & ¢ £ 8 6 & ¢
£ 4 E 0% 2 s ¢ EE £ 2 £ 2 2 =2 2 2 2 2 £ g 2 2 &2
< >3 & RS g & = = (7] < = = <= = <= = = I = < = <=
n g S0 @ 8 o s ¥ 2 35 & 2 2 7 3 3 8 3 3 g = & & 3 3
=1+ 20 Q0 < & a0 zz =2 B O g = R ] = ] =R R A =
169 Discased 1 Hungary Female 69 5 68 7 12 13 15 80 20440 80350 525 842.0 999.0 1925 253.0 23.0 51.0 19.0 300.0 7:06
169 Diseased 2 Hungary Female 69 [7/338005 51 5 15 15 75 1889.0 60760 56.0 843.0 994.0 207.0 2450 21.0 5L.5 22.5 2735 7:08
169 Diseased 3 Hungary Female 69/21,702 5 47 7 d2008 14 80 1979.0 8172.0 55.0 798.0 975.0 2040 248.0 [40.0 70.0 33.0' 294.0 7:03
Median 14,520.0 (5.0 51.0 7.0 12.0 13.0 150 80.0 1979.0 8035.0 55.0 842.0 9940 2040 248.0 23.0 515 225 2940 7:06
Mean 145200 [5:0 553 63 [12.0 12.0 147 783 19707 7427.7 545 827.7 989.3 2012 2487 28.0 57.5 24.8 289.2 7:05
SD 10,1569 0 112 12 00 36 06 29 778 11726 18 257 127 77 40 104 108 73 139 003

Color coding: from orange (worse outcome) to yellow to green (better outcome).

4. Discussion

In this section we discuss our methodological approach (Section 4.1), the coQoL method in the
perspective of past evidence (Section 4.2), observations on data quality (Section 4.3), and pathways
towards personalized medicine (Section 4.4). We then review several limitations of our study
(Section 4.5) and envision future work (Section 4.6).

4.1. Overall Methodological Approach in PROomics

The coQoL method explored patterns of correlations between PROs and TechROs towards their
co-calibration. Consequently, we focused on identifying groups of strong correlations between PROs
with a given recall period and TechROs, aggregating weeks to months of wearables data available
before the administration day of the PRO. We considered correlations between similar latent constructs,
e.g., PRO and TechRO physical activity or sleep, as high from 0.8 and above. However, for different
latent constructs, such as PRO social support and TechRO sleep, where the probability of random
correlation is low, correlations of even 0.5 are high. Hence, we presented in here correlations of 0.5 and
above as of importance.

Due to the exploratory nature of our method, we deliberately omitted adjustments for
multiple comparisons. The results of our method can guide future observational studies, as well
as personalized, adaptive interventional studies, where the observational component will inform the
intervention design as we go. Researchers can power such studies for enough confidence to exclude
trivial effects.

4.2. coQoL in Perspective of Past Evidence

We recall that little prior research focused on assessing the relationships between sets of different
outcomes assessed via PROs and consumer wearable TechROs in healthy seniors, in the wild,
for extended periods (beyond the typical study duration of 7-14 days). On the one hand, past studies
may have had similar to larger sample size, yet they have not yielded stronger statistical results;
these co-calibrations rarely report values rs > 0.5, as we do. On the other hand, we report a more
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prolonged study duration (up to 2 years). The study duration of over a few weeks is essential
to overcome the “novelty” effect of the technology (TechRO) on the state and behaviour of the user.
Namely, the user, motivated by the feedback provided by the device while the study is being conducted,
may move more or sleep differently, which then would be erroneously co-calibrated with the
self-reports (PROs). The coQoL method leads to more accurate, real-world PRO- and TechRO-based
datasets representing the real states and behaviours of the users. We define the past evidence in the
context of momentary co-calibration efforts, where the PRO-TechRO co-calibrations may have been valid
only for the short interval of data collection. Our proposed method coQoL expands the state of the art.

4.3. Observations on Data Quality

The wearable monitored some TechROs for more days than others. For example, the energy
expenditure and steps appeared in most days. However, some days did not include durations of
physical activity at increasing intensities, due to some seniors not wearing the wearable for enough
hours that Fitbit recognized the activity or they did not reach the increased intensity physical activity on
those days. Also, the TechROs that combine other TechROs, e.g., fair+vigorous, appeared in at most the
minimum of the numbers of days when their constituent TechROs appeared. We acknowledge errors
of a few days in long-term monitoring stemming from conditions beyond our control, such as errors at
the device setup, at the recruitment site which took days to correct, or when running the automated
data collectors from the seniors that were beyond our control in the project. These technological and
human factors influenced the quality of the available data.

The wearable monitoring period may depend on the measured outcome, frequency of answers,
and human factors. While the recall period of many scales is short (e.g., one week), collecting wearable
data only for that duration may prove too strict. If the design is too strict, numerous participants
will disqualify, and the results may bias in favour of diligent or adherent responders, who may also
exhibit positive behaviours, e.g., exercising more diligently as well. Although some results indicate
that 14-28 days of data could be enough for significant co-calibrations, the observations used in
the co-calibration depend on the PRO answers and the TechRO data alike. If the participants are
adherent to data collection for four weeks, but do not answer the questionnaire, the quality of the data
may be insufficient to derive correlations. For some questionnaires, coQoL may relax the alignment
(leeway) to account for human factors that contributed to data loss. On the other hand, a monitoring
window of 120 days (4 months) may prove too wide to collect data reflecting the same behaviour
as the reported one (the recall period), also because of the potential influence of seasonal effects.
These seasonal, as well as other context dependencies, are illustrated when applying the coQoL to the
MSPSS social support PRO. Our results indicate that having approximately one month of data before
the administration of the MSPSS is sufficient to obtain significant correlations between family trying to
help social support and fair activity even within a small sample of 39 participants. We observe that the
MSPSS is time context-specific. Overall, across all questionnaires, we argue for an intermediary period
of aggregation interval for TechRO not extending beyond 60-90 days.

4.4. Pathways towards Personalized Medicine

There is growing evidence within the medical domain that personal data paves a path
towards personalized medicine, including genetics data and population-specific data, as well as,
on a growing scale, data originating in the individuals” daily life environments and representing
their natural, objective behaviours unfolding in different contexts of daily life. Daily life datasets are,
in turn, collected via consumer wearables and smartphones with sensing capabilities.

From our study, we learn that an ideal wearable in the context of personalized medicine study
would be comfortable to wear; should have a long battery life (at least a few days); should be accepted
by individuals to use as their own, such that they forget they are in the study (implying minimal
reactivity); and should provide relevant TechRO related to behavioural patterns (e.g., activity status,
steps, as opposed to only heart rate, which would be hard to co-calibrate by itself).
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Given our results, we also observe that for some PROs, different self-reported health status of
the individuals yield different co-calibration results, even though our definition of disease refers
only to mild self-reported cases. When the participants have a disease, other TechROs become
correlated more strongly with other PROs than for the healthy ones. An observational study involving
healthy individuals can leverage the coQoL method by monitoring a relevant subset of PRO/TechROs
longitudinally, and occasionally co-calibrating the PROs with TechROs assuming the sensitivity of the
coQoL method for when long-term, significant changes in TechRO occur. Based on the occasionally
collected PRO answers, further in-depth examination of the individual’s state may seek to understand
if the TechRO change signals coincide with a significant and relevant PRO change, potentially implying
a real change of the individual’s health state. Once diagnosed, the individual’s health state may be
followed up, assuming another set of PRO/TechRO outcomes co-calibrated in time, to assess the
change in the state of the disease accurately.

For example, in the case of diseased Participant 169, we observed that improvements or
deteriorations in the state (as self-reported via the PROs for physical activity, Mediterranean
diet, memory, and Quality of Life) coincided with TechROs (of physical activity in the sedentary,
and light-vigorous spectrum, as well as the total physically active duration). Such trends are likely
to differ between persons. As observed with Participant 169, administering the PROs only three
times in two years and monitoring the TechRO behaviours using the wearable (minimally obtrusively,
continuously, during daily life) yielded numerous trends across not only pairs of PROs and TechROs,
but also across different PROs and TechROs.

The coQoL can provide a frontline approach to further triage the individual state assessment,
for the healthy or diseased, without burdening the individuals with self-assessments, and at the same
time without excluding participants who develop diseases and need to be monitored for long periods.
In the context of the latter, the coQoL may be very suitable to assess changes of behaviour and health
state in chronically ill patients.

We envision the following coQoL use case. The coQoL results can inform the design of
longitudinal observations for selected individual PRO/TechRO outcomes, leveraged in personalized
medicine solutions. The procedure consists of the observation for several consecutive days (for more
TechRO-adherent participants, four weeks; for the less adherent participants, up to 3 months,
from which one can derive around four weeks of quality data) followed by the co-calibration of
TechROs with PROs. While monitoring, a potential gradual change in a subset of TechROs of
interest can lead to contacting the individual for further health outcome assessments, via PRO or even
clinical examination.

In new study designs, we suggest the study participation period of 60-90 days at most,
and leverage behavioural techniques for participant wearable-adherence, to maximize the validity of
the results acquired. The study design may imply repeated measures longitudinally over the years,
e.g., PRO/TechRO co-calibration efforts over 60-90 consecutive days, repeated every few months up
to a year (assuming same season every year).

4.5. Study Limitations

Several limitations characterize the presented here preliminary coQoL study. The first limitation
is the small sample size, specific to an exploratory feasibility study. A second limitation is the resulting
lack of power that reduced the complexity of the analysis method (i.e., statistical hypothesis tests).
A third limitation is the presence of multiple PRO answers per individual for the same wave, albeit with
high variability. However, we only included one answer per participant-wave to reduce bias towards
diligent responders. In case of multiple answers per participant-wave, we chose the latest answer in
time, to account for any form submission issues in the CoME software application or the participant
changing their mind after submitting the answers once. A fourth limitation is a significant decrease
in the number of participants data leveraged for the co-calibrations; we allowed for a leeway to allow
PRO and TechRO alignments that are both (1) short-term, but accurate (e.g., 7-14 days, close to the
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recall period), and (2) longitudinal, but permissive (e.g., 60-120 days, sufficient for the long-term
behaviours to unfold). The study highlights the challenge of retaining individuals (shared by many
health studies) that can provide outcomes through both self-report and a wearable that must be
worn daily, over long periods.

4.6. Future Work

In the ongoing and future work, we expect to involve more participants for shorter periods
(60-90 days), repeated every few months to a year, and focus on the PROs and TechROs delineated in
this paper to deepen our knowledge about these specific co-calibration efforts and results. We plan
to employ more advanced techniques and obtain more results within statistical significance as we
increase the sample size in further studies aimed at calibrating PROs and TechROs for health outcomes
and longitudinal behaviours such as physical activity and sleep in seniors. We aim to derive individual
co-calibration trajectories models, as well as population models, e.g., similar groups of healthy or
diseased individuals.

5. Conclusions

In this study, we present the coQoL method for co-calibrating the relationships between PROs and
TechRO for eight PRO outcomes and TechRO behavioural markers of physical activity, sleep, and heart
rate in a cohort of 42 seniors contributing data for two years. We reported human factors and quality
properties from the data collected while their daily life unfolded. Our results can inform the design of
personalized observational that assess daily life behaviours continuously and longitudinally, and that
enable interventional studies towards reducing the risk of chronic disease and improve health and
Quality of Life in the long term.
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Abbreviations

The following abbreviations are used in this manuscript:

API Application Programmable Interface

CLR Centered Log Ratio

CLR PA Centered Log Ratios of Physical Activity
CLRPA+S Centered Log Ratios of Physical Activity and Sleep
CoME Caregiver and Me

EQ-5D-3L  EuroQoL with 5 Domains and 3 Levels

GADS Goldberg Anxiety and Depression Scale

IPAQ International Physical Activity Questionnaire

MFE Memory Failures of Everyday

MSPSS Multidimensional Scale of Perceived Social Support
PREDIMED Prevention with Mediterranean Diet

PRO Patient-Reported Outcome
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PSQI Pittsburgh Sleep Quality Index
QoL Quality of Life

SD Standard Deviation

SelfMNA Mini Nutritional Assessment
TechRO Technology-Reported Outcome

Appendix A. Literature Review

This section describes our procedure for literature review (Appendix A.1).

Appendix A.1. Literature Review Procedure

We searched for previous work by following a semi-structured approach, to prune papers distant
from our research area from a vast body of literature. We agreed upon a hierarchy with properties
divided into positive, neutral, and negative by their relative relevance to our research area (Figure Al).

Population Seniors Adults

1

Health status Healthy

i

TechROs Physical Activity Sleep Heart rate

1

PROs Physical activity Social support Depression and Anxiety
Nutrition Memory Sleep Quality of Life
1
Assessment Quantitative / Quantitative Qualitative / Quantitative
’-—'—'_'_4—._._._&‘_‘_‘_‘_‘_‘—'—-.

Instrument Wearable Questionnaire Other

i i

Focus Consumer Research Valid on seniors Other

y—-—'—'_'_'_'_'_r/ ‘.-—-—'—'_'_'_'_/
Brand / Scale Fithit GADS MFE PSQl MSPSS Other

SelfMNA PREDIMED EQ-5D-3L IPAQ

Figure Al. Related Work selection procedure (example on social support). Colors: green (positive

towards inclusion), yellow (neutral), red (negative towards exclusion).

We began by including papers related to the PRO and using TechROs to the first level. We then
followed a depth-first procedure of paper inclusion and exclusion. At each level, we included papers
from the parent level and excluded all papers without positive properties for that level.

We then prioritized the papers by their deepest level of inclusion. We set the exclusion threshold
at studies where the two outcomes, one PRO, and one TechRO, are used for co-calibration. We allowed
only the PROs assessed in this paper (with a preference for the same questionnaires) and for TechROs
provided by consumer wearables or accelerometers (with a preference for consumer wearables).

Numerous research directions and studies were excluded from our literature review reporting.
We exclude papers that do not use PROs (or compare PROs) [72], do not use TechROs (or compare
TechROs) [73], use other TechROs than wearables (e.g., smart phones [74], smart home [75], internet of
things [76], medical imaging such as computer tomography or magnetic resonance [77]), focus on
recognizing activities of daily life [78], or report only results following interventions [79].
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Appendix B. Materials and Methods

In this section, we append notes on our materials and methods regarding patient-reported
outcomes (Appendix B.1), technology-reported outcomes (Appendix B.2), and the co-calibration using
coQoL (Appendix B.3).

Appendix B.1. Patient-Reported Outcomes (Questionnaires)

This part elaborates on our materials and methods for assessing the patient-reported outcomes:
the used questionnaires (Appendix B.1.1), the administration of the questionnaires (Appendix B.1.2),
the scoring of the answers (Appendix B.1.3), and the derivation of PRO variables (Appendix B.1.4).

Appendix B.1.1. Questionnaires

The participants provided PRO answers on questionnaires for physical activity (IPAQ [26]), social
support (MSPSS [27]), anxiety and depression (GADS [28]), Mediterranean nutrition (PREDIMED [29,30]),
nutrition (SelfMNA [31]), memory (MFE [32]), sleep (PSQI [33]), and health-related quality of life
(EQ-5D-3L [34]). Table Al illustrates the PRO questionnaires.

Table A1l. Questionnaires with validated scales for PROs.

Outcome Scale Administration Scoring

Profile - 27 items assessing: age, gender, -
ethnicity, profession, education,
cohabitants, height, weight,
blood pressure, cholesterol,
smoking, alcohol, medication
(hypertension), personal health
history (diabetes, apnea,
insomnia, hyperglycemia,
stroke, infarct, depression),
and family health history
(hypertension, diabetes, stroke,
infarct, dementia)

Physical International 27 items of mixed types: Numeric score (estimated effort in metabolic

Activity Physical Activity ~ yes/no, counts of days of equivalent of task). Categorical score with 3 levels:
Questionnaire physical activity per week, 0 low, 1 moderate, and 2 high. Numeric sub-scores
(IPAQ) [26] durations of physical activity ~ for domains (work, leisure, transport, domestic

per day. Recall: 2 weeks and garden) and intensities of physical activity
(sedentary, low, moderate, and vigorous).

Social Support Multi-Dimensional 12 items on a 7-level Numeric score increasing with social support
Scale Perceived Likert scale (Q1-Q12). (1-2.9: low, 3-5: moderate, 5.1-7: high).
Social Support Recall: indefinite Categorical score with 3 levels: 0 low, 1 moderate,
(MSPSS) [27] and 2 high. Numeric sub-scores (1-7) for three

sources of social support: significant other, family,
and friends.

Anxiety and  Goldberg depression 18 items: 9 for Anxiety Numeric score increasing with depression and
Depression and anxiety scale  (denoted Q1A-Q9A), 9 for anxiety: 0-9 no depression, 10-21 possible
(GADS) [28] Depression (Q1D-Q9D), all on  depression, 22-35 mild depression, 36-53
a 6-level Likert scale. moderate depression, and 54-90 severe depression.
The original answers were on  Categorical score with 5 levels: 0 absent, 1 possible,
a 2-level Likert scale. 2 mild, 3 moderate, 4 severe.

The collected answers are on a
6-level Likert scale.
Recall: 1 month

Nutrition Prevention with 14 binary items: 2 items Numeric score from 0-6 for no adherence to 7-12
Mediterranean Mediterranean Diet yes/no, 12 items with for medium adherence to 13-14 for high adherence.
(PREDIMED) [29,30] thresholds for ingested food Categorical score with 3 levels: 0 absent,
quantity (Q1-Q14). 1 medium, 2 high.

Recall: indefinite
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Table A1. Cont.

Outcome Scale Administration Scoring

Nutrition Self-Reported Mini 6 items: 5 on various levels Numeric score from 0-7 for malnourished to 8-11
Nutritional Likert scales, 1 binary (Q1-Q6). for risk of malnutrition to 12-14 for normal
Assessment Recall: 3 months, same day nutrition. Categorical score with 3 levels: 0 for
(SelfMNA) [31] malnutrition, 1 for risk, and 2 for normal nutrition.

Memory Memory Failures of 28 items on a 3-level Likert Numeric score from 0 for no memory failures to 56
Everyday (MFE) [32] scale (Q1-Q28). for potential memory failures. Categorical score

Recall: indefinite separating 0 for no memory failures and 1 for

potential memory failures, by comparing with
deviations from the mean.

Sleep Pittsburgh 25 items of mixed types: Numeric score increasing as sleep quality
Sleep Quality Index durations, yes/no, Likert decreases on a 0-21 scale. Categorical score of 1 for
(PSQI) [33] scales (Q1, ..., Q4, Q5A, ..., good sleep quality (0—4) and 0 for poor sleep
Q5J, Q6, ..., Q9). quality (5-21). Numeric sub-scores (0-7) for:
Recall: 1 month quality, latency, duration, efficiency, disturbance,
medication, and daytime dysfunction.
Health-Related EuroQoL health 6 items: 5 on a 3-level Likert Numeric scores for five domains: mobility,
Quality of Life questionnaire scale (denoted by their self-care, usual activities, pain/discomfort,
(EQ-5D-3L) [34] measured outcomes), 1 on a and anxiety/depression, for the Likert items,
visual analog scale (Q1-Q6). increasing from 1 to 3 as life quality decreases.
Recall: same day Visual analog scale of health state on the day of

administration (giving a health score of 0-100),
where higher numbers indicate better health.

Appendix B.1.2. Questionnaire Administration

For the participants in Spain, the partners used already available versions of the questionnaires
in Spanish [80-87]. For the participants in Hungary, only some questionnaires had variants in
Hungarian [88]. The local partners in the project translated the missing questionnaires from English
to Hungarian (and assured the translation accuracy) to allow all participants to fill the PROs in their
respective languages.

Appendix B.1.3. Answers Scoring

For the PRO questionnaires, we followed the scoring procedures set forth by the authors of
the validated scales associated with each questionnaire. Only one questionnaire necessitated an
additional assumption. For the physical activity questionnaire (IPAQ), we processed the individuals’
physical activity answers by adhering to the data cleaning, maximum values for excluding outliers
as described in the guide [89]. However, the guide does not provide a threshold for converting the
duration reported as weekly (not daily) to daily into an average daily time. For example, if a senior reported
seven hours of vigorous physical activity per day, the duration would likely reflect one hour per
day. In this case, we allowed at most 7 h of physical activity per day at any intensity by dividing all
excessive durations by 7 days.

Appendix B.1.4. Variables Derivation

We derived variables from both individual items, sub-scores, and scores of PRO scales. While the
analysis of the scores exclusively would have been motivated by existing Rasch models providing
calibrated positions of individual items and their sub-scores and scores [90], to our knowledge, there are
no Rasch models for the PRO scales. Table 2 presents the derived PRO variables.

Appendix B.2. Technology-Reported Outcomes (Fitbit)

This part elaborates on our materials and methods for assessing the technology-reported outcomes:
motivation and considerations for the Fitbit Charge 2 wearable (Appendix B.2.1), the processing of the
wearable data (Appendix B.2.2), and the derivation of TechRO variables (Appendix B.2.3).
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Appendix B.2.1. Fitbit Consumer Wearable

The space of consumer wearable manufacturers and devices is diverse, recording over
200 models [91], and the trend of adoption is increasing [13]. From all devices that provide physical
activity and sleep TechROs, we chose Fitbit. Fitbit (1) monitors daily life behaviours accurately and
continuously, (2) operationalizes the critical human factors for prolonged wear by senior end-users,
and (3) facilitates reliable behavioural data collection.

First, Fitbit aims at motivating consumers to “reach health and fitness goals by tracking activity,
exercise, sleep, weight, and more” [35]. It was selected for Digital Health software pre-certification by the
US FDA [92]. Previous studies measured the accuracy of Fitbit consumer-friendly devices in reporting
daily life behaviours of physical activity and sleep. For physical activity, Fitbit One and Zip had strong
validity for step count and sleep duration, moderate for energy expenditure, and were weaker for
fair and vigorous activity [12]. Fitbit Flex and Zip had adequate reliability and validity in measuring
step count [93]. Fitbit Charge HR, Charge, Flex, Surge, Zip, and Alta agree with the ActiWatch GT3X+
research-grade accelerometer in assessing active minutes [37]. For sleep, Fitbit Charge HR can measure
total sleep time [94] and time spent in bed [95] reliably, as compared with a sleep diary in a free-living
setting or a research-grade accelerometer. For senior populations, Fitbit Charge 2 had better results in
step count, energy expenditure, and sleep duration than the Garmin Vivosmart HR+ accelerometer in
free-living environments [96]. Also, Fitbit One and Flex measure steps accurately in seniors [97].

Second, the positive senior user experience with the wearable is an essential factor that prolongs
monitoring durations. For Fitbit, human factors studies found that over 90% of seniors agree that
Fitbit was “easy to use, useful, and acceptable” over 8 months of wear [15] and seniors also place Fitbit
the highest in usability (using the System Usability Scale [98]) among numerous other wearables [99].
Furthermore, the presence of a data display on the wristband leads to higher operation ratings [99].

Third, Fitbit provides a well-documented and developer-friendly application programming
interface (API) which exposes a rich set of behavioural markers along [22] addressing goals of
the project.

For our study, we selected the Fitbit Charge 2 wearable, a small wrist-worn watch which can
monitor physical activity and sleep by using the same sensors such as those used in the validations,
and displays steps, heart rate, and time, previously used in studies involving seniors (e.g., [96]).

Appendix B.2.2. Wearable Data Processing

To maintain high data quality, we considered valid days for the analysis only those days where the
total duration of Fitbit monitoring was at least 21 h. We allowed at most three hours of missing data
for device battery charging and handling (15-20 min to 2 h). Our choice reduced the impact of missing
measurements and improved not only the measurement accuracy of TechRO behavioural markers in
absolute daily durations but also enabled the assessment of TechRO behavioural markers relative to
each other in the 24-h model of a day [64].

We constructed aggregate intervals with fixed durations of 7, 14, 21, 28, 60, 90, and 120 valid days
to balance the number of included days in the analysis with the available intraday monitoring quality.
The choice of 7 days for the lower bound was motivated by the need to acquire enough representative
data for daily life, the 7 days as a common denominator of the PRO recall periods (where present),
and the significant improvements in Fitbit accuracy for active minutes from 7 days onwards [37].
The choice of increasing intervals to the upper bound of 120 days reflected the duration of a wave,
a large number of valid days per person (e.g., median 153 days for Spanish participants, Table A11),
but also the high variance (a standard deviation of 113 days in Spain, Table A11).
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We only included in the analysis intervals with at least 70% of their days valid, such that both
weekdays and weekends were expected present in a week; the limit is compatible with previously
reported consumer wearable use in seniors [100].

Appendix B.2.3. Variables Derivation

We split the TechROs into two amounts, absolute (behaviours in isolation, expressed in absolute
amounts) and relative (behaviours relative to each other reflects the interdependences between
behaviours during the 24 h of the day [64], expressed in relative amounts by the centred log ratios
(CLR) of their compositions [65]).

In the absolute amount, we derived the variables into two families: raw and processed. We derived
the raw daily energy expenditure (energy), step count (steps), and resting heart rate (heart rate) towards
a total of 3 raw TechROs. We then derived the processed sedentary duration (sedentary), and the
duration at three intensities (light, moderate, and vigorous) as processed by the Fitbit internal activity
recognition algorithms. Since Fitbit had not published intensity thresholds, we also derived the
cumulative durations in processed sedentary and light (sedentary+light), light and fair (light+fair),
and fair and vigorous (fair+vigorous) intensities. We also calculated the total daily active duration
(active) cumulating the light, fair, and vigorous processed durations. For sleep, we included the entire
sleep duration of the day as a processed TechRO towards a total of 9 processed TechROs. We derived a
total of 12 TechROs in the absolute amount.

For each aggregate interval duration and absolute TechRO, we used in the analysis as the aggregate
the median from the absolute daily amounts as a variable. The 84 resulting variables are visible in the
upper half of Table 3.

In the relative amount, we derived variables denoting compositional components of physical
activity intensities and sleep throughout the day. We derived TechROs for each component of the
centred log-ratio (CLR, [65]) transformation. The CLR is a symmetric transformation that does
not require a reference component behaviour. We computed the CLRs of two families denoting
distinct compositions: (1) from all physical activity durations (CLR PA) and (2) from all physical activity
durations and the sleep duration (CLR PA+S), having 4 and 5 TechROs, respectively. We derived two
relative families, as the CLRs of a composition do not translate to sub-compositions [65], but some
studies may not be able to monitor sleep. We obtained a total of 9 TechROs in the relative amount.

For each aggregateinterval duration and relative TechRO, we used in the analysis as the aggregate
the geometric mean from the relative daily amounts. The 63 resulting variables are visible in the lower
half of Table 3.

The 147 derived TechRO variables can be seen in Table 3 (TechRO).

Appendix B.3. Co-Calibration Using coQoL

This part elaborates on our method coQoL to co-calibrate PROs and TechROs. The part covers
the three types of analysis: descriptive (Appendix B.3.1), inferential (Appendix B.3.2), and pattern
(Appendix B.3.3).

Appendix B.3.1. Descriptive Analysis (PROs and TechROs)

We describe the PROs and TechROs from two perspectives. The first perspective refers to the
values in the data. The second perspective refers to the amount of data.

Within the first perspective, we describe the PROs by observing three summary statistics
(median, mean, and standard deviation) of the participants-waves when grouped by health status
(healthy vs. (mildly) diseased), country (Spain vs. Hungary), and gender (male vs. female)
(Tables A3-A10).



J. Pers. Med. 2020, 10, 203 46 of 86

Within the same perspective, we describe the TechROs by observing medians across the entire
monitoring period (Table A12) in the first perspective.

Within the second perspective, we observe the counts of total and valid days (Table A11) within
the same groups as for the first perspective.

Appendix B.3.2. Inferential Analysis (PROs vs. TechROs)

We set the leeway between PRO administration date and TechRO aggregate interval end date
at (successively) 0, 7, 14, 21, 28, 60, 90, 120 days due to scarce exact matches. Pairs of variables
with nearer such dates took precedence. We then analyzed lists of these pairs by using Spearman
rank correlations. We chose this test as the best statistic to represent co-calibration motivated by the
following assumptions. First, the PRO and TechRO variables were not independent (as they referred
to the same participant). Second, the Spearman test is a nonparametric test that does not require an
underlying distribution for the variables (some variables did not distribute normally, Shapiro Wilk
normality test yielded p < 0.05-and some variables measured different metrics). Third, our aim was
holistic in observing groups of significant correlations (and not individual correlations).

We only report the strongest correlation per TechRO interval duration. We consider correlations
between distinct constructs (e.g., PRO social support and TechRO sleep duration) to be strong at
rs > 0.5 and associations between similar constructs (e.g., PRO and TechRO physical activity) to be
strong at rg > 0.8.

We consider a correlation coefficient significant when the extremities of its 95% confidence interval
have the same sign. We avoided effect omissions at the expense of potential effects due to chance by
not using adjustments for multiple tests [101] as our focus is on observing groups of correlations rather
than individual correlations.

Appendix B.3.3. Pattern Analysis (PROs vs. TechROs)

For the pattern analysis, the contour metric separately counts for a significant and strong target
correlation for a physical activity intensity (rs 0.8 or above) the other significant correlations of the same
sign at the lower and higher intensities. In case the intensity of the target correlation is at the extremity,
the metric is undefined. In case the target correlation is adjacent to a correlation that has the opposite
sign or is non-significant, the count on that side is 0. In case the correlation is unrelated to a physical
activity intensity, this metric is undefined.

For example, the fair physical activity correlation 0.8 and the sequence of correlations
[sedentary: 0.4% sedentary+light: 0.5, light: 0.6%, light+fair: 0.6*, fair: 0.8% fair+vigorous: 0.3%,
and vigorous: —0.1*], where * denote significant correlations, has two correlations of lower intensities
(0.6%, 0.6*) and one of higher intensity (0.3*). Figure A2 illustrates this case as Example (a). The figure
contains three more examples.
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Figure A2. Examples of contours of correlations interrupted by non-significant or opposite-sign
correlations. g marks the target correlation. X marks an interruption. Arrows mark the width of the
contour. Only significant correlations are colored from red (weak) to green (strong). In example (a),
the contour is interrupted by a non-significant correlation (at a lower intensity) and an opposite-sign
correlation (at a higher intensity). Example (b) interrupts the entire right side of the contour by an
opposite-sign correlation, represented with x. Example (c) depicts a singleton contour, marked with x
on both sides. Example (d) illustrates the rare case of a higher correlation than the target correlation,
both in the same contour.

Appendix C. Results

This section includes results from our descriptive (Appendix C.1) and inferential analysis
(Appendix C.2) analyses.
Appendix C.1. Descriptive Analysis (PROs and TechROs)

This part includes results from our descriptive analysis from patient-reported outcomes
(Appendix C.1.1) and technology-reported outcomes (Appendix C.1.2).
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Appendix C.1.1. Patient-Reported Outcomes (Questionnaires)

The 39 participants provided 289 answers (7.4 &= 4.4) on the 8 scales along the 3 waves. Table A2
depicts the numeric scores across waves.

Table A2. PRO numeric scores from answers by questionnaire (N = 39 participants).

Wave 1 Mediterranean Nutrition (PREDIMED)

Wave 1 Anxiety and Depression (GADS)
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575 Healthy Hungary Female 65 5.0 8.0 5.0 7.0 3.0 85.0
569 Healthy Hungary Female 67 23,238.0 7.0 60 60 190 11.0 7.0 11.0 8.0 6.0 40 80.0 800 950
133 Healthy Hungary Female 71 19,1640 19,2629 6.0 6.0 60 17.0 13.0 6.0 [140 8.0 70 6.0 40 950 950 990
420 Healthy Hungary Female 71 [576/0°7 2958.0 5.0 4.0 16.0 20 13.0 8.0 7.0 80.0 80.0
215 Healthy Hungary Female 87 [2446.0 5.0 33.0 3.0 10.0 8.0 12.0 80.0
576 Healthy Hungary Male 60 2268.0 5.0 95.0
535 Healthy Hungary Male 69 8712.0 6.0 3.0 9.0 12.0 6.0 1.0 95.0
170 Healthy Hungary Male 70 8038.5  10,088.0 50 5.0 220 3.0 6.0 6.0 90.0 850
212 Healthy Hungary Male 72 8478.0 9793.5 50 40 50 90.0 90.0 90.0
419 Healthy Hungary Male 95 2016.0 5.0 4.0 13.0 6.0 12.0 12.0 7.0 90.0 95.0
643 Healthy Spain  Female 67 23,793.0 7.0 6.0 20 70 9.0 14.0 80 30 10 40 100.0 90.0
798 Healthy Spain Female 67 6.0 90.0
803 Healthy Spain Female 67 5.0 80.0
617 Healthy Spain  Female 69 3186.0 40 40 61.0 7.0 13.0 19.0 10.0 100.0° 90.0
620 Healthy Spain Female 69 3264.4 6.0 29.0 10.0 9.0 20.0 20 90.0
640 Healthy Spain  Female 69 5.0 26.0 14.0 10.0 6.0 70.0
628 Healthy Spain  Female 70 7.0 3.0 11.0 5.0 1.0 100.0
638 Healthy Spain  Female 71 6303.0 60 6.0 100 12.0 7.0 5.0 100.0 100.0
648 Healthy Spain  Female 72 6.0 5.0 11.0 13.0 3.0 10 80.0
649 Healthy Spain  Female 72 14.0 80.0
795 Healthy Spain  Female 72 2910.0 6.0 17.0 7.0 8.0 6.0 6.0 90.0
630 Healthy Spain Female 74 5.0 31.0 120 18.0 120 75.0
411 Healthy Spain Male 45 5.0 80.0
790 Healthy Spain ~ Male 66 10,101.0 6.0 3.0 11.0 14.0 7.0 40 100.0
700 Healthy Spain ~ Male 67 3.0 10.0 8.0 7.0 9.0 40.0
636 Healthy Spain ~ Male 68 13,258.0 50 5.0 400 400
793 Healthy Spain ~ Male 68 6560.0 5.0 100.0
796 Healthy Spain ~ Male 74 5907.0 4.0 2.0 9.0 14.0 0.0 80.0
502 Diseased Hungary Female 63 80.0
169 Diseased Hungary Female 69 7338.0 (21,7020 50 50 50 [680751.0 470 7.0 50 70 120 120 130 150 80 [150 150 140 800 750 80.0
132 Diseased Hungary Male 71 60 6070 160 13.0 4.0 20 50 40 40 800 800 90.0
800 Diseased Spain Female 65 40 10 7.0 14.0 9.0 40 100.0
641 Diseased Spain Female 71 18,390.0 5.0 6.0 51.0 23.0 9.0 10.0 150 140 8.0 50.0 80.0
624 Diseased Spain  Female 72 6.0 21.0 14.0 5.0 8.0 80.0
644 Diseased Spain ~ Male 70 7.0 40.0
625 Diseased Spain ~ Male 72 5.0 51.0 11.0 14.0 8.0 40.0
634 Diseased Spain ~ Male 72 15,748.5 50 50 3.0 400 400
791 Diseased Spain Male 72 1953.0 7.0 100.0
799 Diseased Spain  Male 79 4.0 4.0 9.0 14.0 9.0 7.0 95.0

Color coding: from orange (worse score) to yellow to green (better).

Physical Activity (IPAQ)

We recorded 27 answers about physical activity on the IPAQ scale [26] that partitions physical
activity into low, moderate, and high levels. The scale is described in depth in Appendix B.1.1.
All participants recorded a median (mean & SD) numeric score of 8038 (9535 £ 7106). There were
14 answers with a low categorical level of physical activity, one answer with a moderate level,
and 12 answers with a high level. Table A3 enumerates the answers and Figure A3 depicts the
sub-scores and scores by participant group.

Participant physical activity separated into two groups at the extremes of low and high
physical activity. The levels only approximated the numeric scores, as the low categorical scores
concentrated in the lower third of numeric scores and the high categorical scores concentrated in the
upper third of numeric scores; the middle third included low and high levels of physical activity alike.

The participants from Hungary self-reported increased physical activity as compared to those
from Spain, registering a median (mean =+ SD) numeric score of 8478 (9738 £ 7370) compared to 6431
(9281 + 6752) and a median categorical level of high physical activity compared to low physical activity.

Male participants reported increased levels of physical activity, registering a higher median
numeric score of 8478 compared to 6820; however, the most active 5 participants contributed to a lower
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mean (SD) numeric score of 7916 (4038) compared to 11037 (8806) for the females. Woman participants
registered higher variability in their self-reported physical activity than men.

Less than half (12/27) of the answers reported physical activity related to the work domain.
Only a few (7/27) answers reported cycling as a means of transportation, and they associated with
the upper half of numeric scores. The participants from Hungary reported increased physical activity
as compared to those from Spain. Male participants reported increased median physical activity,
and female participants reported increased mean physical activity.

Table A3. Characteristics of PRO Physical Activity (IPAQ).
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Health

Active Transport Domain Walking Minutes
Active Transport Domain Cycling Minutes
Domestic Home Domain Moderate Minutes
Domestic Garden Domain Moderate Minutes
Domestic Garden Domain Vigorous Minutes
Active Transport Domain Numeric Sub-Score
Domestic Garden Domain Numeric Sub-Score

Work Domain Walking Minutes
Work Domain Moderate Minutes
Work Domain Vigorous Minutes
Work Domain Total

Active Transport Domain Total
Domestic Garden Domain Total
Leisure Domain Walking Minutes
Leisure Domain Moderate Minutes
Leisure Domain Vigorous Minutes
Leisure Domain Total

Work Domain Numeric Sub-Score
Leisure Domain Numeric Sub-Score
Numeric Score

Categorical Score

Country
Gender

420 Healthy
791 Diseased
419 Healthy
576 Healthy
215 Healthy
795 Healthy
420 Healthy
617 Healthy
620 Healthy
796 Healthy
638 Healthy
793 Healthy
169 Diseased
170 Healthy
212 Healthy
535 Healthy
212 Healthy
170 Healthy
790 Healthy
636 Healthy
634 Diseased
641 Diseased
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169 Diseased
569 Healthy
643 Healthy
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Spain  Female 71 280 | 840 840

Hungary Female 71 450 1920 240 870 420 3519 4260
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Hungary Female 69 420 1680
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Spain  Female 67

Median: Healthy
Median: Diseased

Median: Spain

Median: Hungary

Median: Female

Median: Male

Median: All

Mean: Healthy
Mean: Diseased

Mean: Spain

Mean: Hungary

1647.5 3529.0 9281.0

17744 2967.1 9738.4

Mean: Female

Mean: Male

Mean: All

1718.0 3216.8

SD: Healthy
SD: Diseased

1936.0 3629.7

SD: Spain
SD: Hungary

SD: Female
SD: Male

427.4 563.6 167.8 902.9 4307.0 3290.5

SD: All
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Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).
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Figure A3. Sub-scores and Scores for Physical Activity (IPAQ).
Social Support (MSPSS)

Participants provided 55 answers on the MSPSS scale [27]. Their levels of social support were
on a numeric scale from 1.0 to 7.0 corresponding to the categorical low, moderate, or high levels of
social support. We describe this scale in Appendix B.1.1. All participants had a median (mean =+ SD)
numeric score of 5.0 (5.4 = 0.9). Most answers corresponded to high social support. The levels of
social support from separate sources (significant other, family, and friends) were also generally high.
No answers reported low social support. Health status, country, and gender did not appear to change
the level of social support fundamentally, neither by source nor in general. Table A4 enumerates the
answers and Figure A4 depicts the sub-scores and scores by participant group.

Both healthy and diseased participants reported only slightly different levels of social support,
as observed from the median (mean £ SD) of 5.0 (5.3 £ 0.9) healthy and 5.0 (5.5 £ 0.9) diseased.
Participants with disease reported slightly higher significant other social support, registering mean
numeric sub-scores of 5.8 compared to 5.5 for the significant other social support, 5.6 compared to 5.5
for the family social support, and 5.6 compared to 5.4 for the friends social support. Also, the answers
had similar variations when comparing groups by health status. We observed no specific questions
where the levels of social support differed by health.

Participants from Spain and Hungary self-reported similar levels of social support, registering
similar medians (means) of 5.0 (5.4). Participants from Hungary self-reported more stable answers
with SD 0.8 vs. 1.0.
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Table A4. Characteristics of PRO Social Support (MSPSS).
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SD: All

Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).

Men self-reported lower social support than women, as observed in the median (mean =+ std)
numeric scores of 5.0 (5.2 & 1.0) vs. 6.0 (5.5 & 0.8) as well as median categorical score drop from high
to moderate. Males self-reported less social support from the friends at means 5.2 vs. 5.6, less social
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support from the significant other at means 5.5 vs. 5.6, and similar social support from the family at
mean 5.5.

Significant Other Numeric Sub-Score by Grou

Family Numeric Sub-Score by Group

Significant Other Numeric Sub-Score
33 4 (moderate) 16
= 5 (moderate)
@ 6 (moderate)

2
B 7 (high) 12 B 6 (moderate)
E 10 R 7 (high)
88
6 6
4 4
2 2
0 Healthy Diseased Spain Hungary Female Male All 0 Healthy Diseased Spain Hungary Female Male All
Group Group
(a) Significant Other Numeric Sub-Score (b) Family Numeric Sub-Score

Friends Numeric Sub-Score by Group

Numeric Score by Group
Friends Numeric Sub-Score

200 = 2 (ow) !
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15.0 g : :mugera:e; o5
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A A A e |
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Figure A4. Sub-scores and Scores for Social Support (MSPSS). Dotted markings delimit levels of the
categorical score.

Anxiety and Depression (GADS)

We measured anxiety and depression through 34 answers on the GADS scale [28]. The scale
assesses whether the anxiety and depression are categorized as absent, possible, mild, moderate, or severe
through a numeric score from 0 to 90. It can be consulted in Appendix B.1.1. Participant mean 4 SD
numeric score was 20.8 & 18.1. Participants self-reported absent anxiety and depression in 10 answers,
possible anxiety and depression in 12 answers, mild in 6 answers, moderate in 4 answers, and severe in
2 answers. Table A5 enumerates the answers and Figure A5 illustrates the scores by participant group.

Most answers corresponding to moderate and severe anxiety and depression originated from
participants who self-reported as diseased. Across the items and scores, the participants with disease
reported more substantial anxiety and depression than the healthy participants, in particular for
questions Q3A and Q7D. The median (mean =+ SD) value for Q3A was 3.0 (2.0 £ 1.7) vs. 1.0 (0.9 £ 0.9).
The median (mean £ SD) value for Q7D was 4.0 (2.8 £ 1.8) vs. 1.0 (1.3 £ 1.3), different by 2 and
3 levels, respectively. The median categorical scores were also different by one level, from possible
to mild anxiety and depression. The answers from healthy participants had less variability than the
answers from the participants with disease.

Across multiple items, women reported more anxiety and depression than male participants,
yielding numeric scores higher by 8 units, as observed by the median (mean 4 SD) scores of
18.0 (23.8 £ 18.8) compared to 11.5 (13.7 £ 13.9). They reported anxiety and depression with higher
variability as well.
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Table A5. Characteristics of PRO Anxiety and Depression (GADS).

a

—

Health

..]1 Urine
Q6D: Lost Weight Due to Poor Appetite

Q3D: Lost Confidence in Yourself
Q5D: Difficulty Concentrating

Q8A: Worried about Your Health
Q4D: Hopeless

Q1A: Keyed-up or on Edge
Q2A: Worrying a Lot

Q3A: Irritable

Q4A: Difficulty Relaxing

Q5A: Sleeping Poorly

Q6A: Headaches or Neck Aches
Q7A: Trembling [.

Q9A: Difficulty Falling Asleep
Q1D: Lacking Energy

Q2D: Lost Interest in Things
Q7D: Waking Early

Q8D: Slowed Down

Q9D: Worse in the Mornings
Numeric Score

Categorical Score

800 Diseased 3 Spain  Female 65

643 Healthy
796 Healthy
535 Healthy
628 Healthy
790 Healthy

799 Diseased 3 Spain ~ Male

648 Healthy
643 Healthy
575 Healthy
638 Healthy
700 Healthy
569 Healthy
133 Healthy

132 Diseased 3 Hungary Male

419 Healthy
420 Healthy

132 Diseased 1 Hungary Male 71

133 Healthy
795 Healthy
569 Healthy

624 Diseased 1 Spain  Female 72

170 Healthy

641 Diseased 2 Spain ~ Female 71 2

640 Healthy

620 Healthy 2 Spain ~ Female 692 2 2
630 Healthy 1 Spain  Female 74
215 Healthy 1 Hungary Female 87
169 Diseased 3 Hungary Female 69
169 Diseased 2 Hungary Female 69
641 Diseased 1 Spain ~ Female 71
625 Diseased 1 Spain ~ Male 72
617 Healthy 2 Spain ~ Female 69
169 Diseased 1 Hungary Female 69

1 Spain  Female 67
3 Spain  Male
3 Hungary Male
1 Spain  Female 70
3 Spain  Male

1 Spain  Female 72
2 Spain  Female 67 2 2
2 Hungary Female 65
1 Spain  Female 71
2 Spain  Male
3
3

Hungary Female 71

2 Hungary Male
2 Hungary Female 71

1 Hungary Female 71
3 Spain Female 72
1 Hungary Female 67
3 Hungary Male 70

1 Spain Female 69

Median: Healthy
Median: Diseased

Median: Spain
Median: Hungary

Median: Female
Median: Male

Median: All

Mean: Healthy

Mean: Diseased . 16 20 21 19

Mean: Spain

Mean: Hungary 40 22 16

Mean: Female

Mean: Male

Mean: All

SD: Healthy

SD: Diseased

SD: Spain

SD: Hungary

SD: Female
SD: Male

SD: All

Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).
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Figure A5. Scores for Anxiety and Depression (GADS). Dotted markings delimit levels of the
categorical score.

Mediterranean Nutrition (PREDIMED)

Participants self-reported their adherence to the Mediterranean diet by answering the PREDIMED
scale [29,30] 23 times. The scale provides categorical scores for absent, medium, and high adherence
using a numeric scale from 0 to 14 points, as described in Appendix B.1.1. Participants registered a
mean £ SD numeric score of 7.0 & 2.4. One-third of the answers corresponded to absent adherence
to the Mediterranean diet, and two-thirds correspond to a medium adherence. Table A6 enumerates
the answers. Figure A6 illustrates the scores by participant group.

A remarkable result is that among the nutrition diets none had high adherence to a
Mediterranean diet. The scoring of the PREDIMED scale may explain this fact. It requires at least 13 /14
items to be indicative of a Mediterranean diet to categorize the diet as highly adherent, while only
6/14 are necessary for medium adherence. The most adherent two participants only scored 11/14 and
were thus categorized with medium adherence.

Numeric Score by Group Categorical Score by Group
Categorical Score
10 . . 14 [ Absent
. 12 3 Medium
gs 10
3 -
© 6 H 58
§ . 3
. o
Z
4
2 2
0 Healthy Diseased Spain Hungary Female Male All 0 Healthy Diseased Spain Hungary Female Male Al
roup Group
(a) Numeric Score (b) Categorical Score

Figure A6. Scores for Mediterranean Nutrition (PREDIMED). Dotted markings delimit levels of the
categorical score.

One question that associated with the numeric and categorical scores is Q1 referring to olive oil as
the primary culinary fat. Conversely, questions Q7 on sweet beverage use and Q13 on the preference
for small animal meat had only 1/23 and 2/23 answers in the affirmative.

Participants from the healthy and diseased groups reported similar adherence, but higher
variability, with means (SD) of 7.1 (2.7) and 6.9 (1.7), respectively.

The participant country of residence much coincided to the numeric score on the Mediterranean
nutrition scale. All participants from Spain reported numeric scores of 7 or higher, corresponding to a
medium adherence. Only one outlier person from Hungary had a numeric score of 9, and all other
participants from Hungary had numeric scores of 7 or less. All participants categorized as having no
adherence to the Mediterranean diet were from Hungary. Participants from Spain reported a median
(mean + SD) numeric score of 9.0 (8.8 &+ 1.4) compared to 5.5 (5.3 £ 2.0) for Hungary. In general,
the answers from the participants from Hungary had higher variance.
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The answers from male participants indicated a higher adherence as depicted by the medians
(means £ STD) of 8.5 (7.4 & 2.6) and 7.0 (6.8 & 2.3) on the numeric score, but also higher variability.
However, there were fewer answers from men than women for this scale.

Table A6. Characteristics of PRO Mediterranean Nutrition (PREDIMED).

a

420 Healthy 2 Hungary Female 71
215 Healthy 1 Hungary Female 87
170 Healthy 3 Hungary Male 70
132 Diseased 3 Hungary Male 71
575 Healthy 2 Hungary Female 65
169 Diseased 2 Hungary Female 69
133 Healthy 3 Hungary Female 71
419 Healthy 2 Hungary Male 95
569 Healthy 3 Hungary Female 67
169 Diseased 1 Hungary Female 69
169 Diseased 3 Hungary Female 69
800 Diseased 3 Spain  Female 65
617 Healthy 2 Spain  Female 69

Q1: Olive Oil Main Culinary Fat

Q5: Red Meat, Hamburger, or Meat Use
Q6: Butter, Margarine, or Cream Use
Q7: Sweet/Carbonated Beverage Use
Q13: Preference to Small Animal Meat
Q14: Sofrito Use

Q2: Olive Oil Use
Q10: Fish or Shellfish Use

Health

Country

Gender

Q3: Vegetables Use
Q4: Fruits Use

Q8: Wine Use

Q9: Legumes Use
Q12: Nuts Use
Numeric Score
Categorical Score

g N
G
2 <

g Q11: Commercial Sweets or Pastries

795 Healthy 3 Spain  Female 72
700 Healthy 2 Spain  Male
535 Healthy 3 Hungary Male
643 Healthy 2 Spain  Female 67

641 Diseased 2 Spain Female 71
796 Healthy 3 Spain  Male 74
799 Diseased 3 Spain ~ Male 79
620 Healthy 2 Spain  Female 69
648 Healthy 1 Spain Female 72
790 Healthy 3 Spain = Male 66
Median: Healthy
Median: Diseased 0 B8
Median: Spain 2.0 20 3.0
Median: Hungary E;Z.O 2.0 1.0 2.
Median: Female 20 20 20 08 20 20 2.0 3.0
Median: Male 2.0 25 05 .0 2. 2.5
Median: All -2.0 2.0 20 0.8 2.0 2.0 3.0
Mean: Healthy 07 23 18 25 i .0 2. 4 1. .

Mean: Diseased 07 12 15 1.8
Mean: Spain

29 17 29 04 12.3 24 25 18 37 76788 10/
Mean: Hungary E;l] 1.8 09 1.6 24 12 06 19 18 . AONBE 0.3
Mean: Female 07 17 22 07 09 23 15 17 22 27 08 28 68 06
Mean: Male 07 25 17 2.6 05 0.7 .25 23 -27 .27 7.3 0.6

Mean: All 07 20 17 23 06 08 -23 18 15 1.8 27 09 27 7.0 06

SD: Healthy 04 22 06 1.1 05 1.1 02 2.1 20 2.0 03 14 27 0
SD: Diseased

SD: Spain 4

SD: Hungary 05 1.1 05 09 0.2 21 -14 1.7 02 14 1.9
SD: Female 04 -05 09 05 1.1 -22 1.2 1.8 22 22 03 21 23 04
SD: Male 04 29 06 1.3 04 09 03 20 1.3 -1.7 1.9 -2.5 0.4
SD: All 04 20 06 1.1 05 1.0 02 21 1.3 1.5 21 21 02 1.7 24 04

Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).

Nutrition (SelfMNA)

We quantified participant nutrition through 24 self-reported answers on the SelfMNA scale [31].
The scale assesses a categorical nutrition status as normal, at risk of malnutrition, or having malnutrition
and a numeric score between 0 and 14, as detailed in depth in Appendix B.1.1. Participants are
well-nourished. Participants recorded a mean + SD numeric score of 12.2 4= 1.7. More than two-thirds
of the participants self-reported a healthy amount of nutrition, and the remaining answers reflected a
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risk of malnutrition. One third obtained the maximum possible numeric score. None of the answers
categorized the participant as malnourished. Table A7 depicts the answers and Figure A7 illustrates

the scores by participant group.

Table A7. Characteristics of PRO Nutrition (SelfMNA).
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795 Healthy 3 Spain  Female 72
620 Healthy 2 Spain  Female 69

215 Healthy 1
641 Diseased 1
569 Healthy 3
628 Healthy 1
625 Diseased 1
169 Diseased 1
169 Diseased 3
535 Healthy 3
419 Healthy 2
638 Healthy 1
630 Healthy 1
420 Healthy 2
617 Healthy 2
648 Healthy 1
133 Healthy 1
800 Diseased 3
643 Healthy 1
640 Healthy 1
624 Diseased 1
790 Healthy 3
796 Healthy 3
799 Diseased 3

Hungary Female 87
Spain  Female 71
Hungary Female 67
Spain ~ Female 70
Spain ~ Male 72
Hungary Female 69
Hungary Female 69
Hungary Male 69
Hungary Male 95
Spain  Female 71
Spain  Female 74
Hungary Female 71
Spain ~ Female 69
Spain  Female 72
Hungary Female 71
Spain  Female 65
Spain  Female 67
Spain  Female 69
Spain  Female 72
Spain ~ Male 66
Spain  Male 74
Spain Male 79

Median: Healthy
Median: Diseased

12.0
12.0

Median: Spain

Median: Hungary 12.0

Median: Female
Median: Male

Median: All

2073020 20 20 120 20°

Mean: Healthy
Mean: Diseased

15 22 121 1.7
1.1 124 17

Mean: Spain
Mean: Hungary

15 123 16
17 22 12 120 1.7

Mean: Female
Mean: Male

120 16
16 2.

Mean: All

J 122 1.7

SD: Healthy
SD: Diseased

04 1.1 02 04 02 1.7 04

SD: Spain
SD: Hungary

04 10 03 09 03

SD: Female
SD: Male

04 1.1 02 08 02 1.7 04

SD: All

04 0.7
04 1.0

0.3
0.4

Color coding: from orange (worse outcome relative to others) to yellow, to green (better outcome).

The groups of healthy and diseased participants were characterized by similar medians (12.0)
and means (12.1 and 12.4), and only slight differences in the standard deviations (1.8 vs. 1.5). Healthy
participants self-reported a decline in food intake for question Q1 while participants with disease
reported being more stressed and severely ill in question Q4. Participants with disease reported less

weight loss in Q2 as well as fewer variable answers across all items and scores except for Q4.
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The participants from Spain reported similar levels of nutrition; however alternating ranks
between questions: participants from Spain reported more decline in food intake in Q1, less weight
loss in Q2, more mobility in Q3, and less stress, illness, dementia, or sadness in Q4 and Q5. Participants
from Hungary reported had a more stable numeric score with a standard deviation of 1.11 for Hungary
compared to 1.92 for Spain.

Women and men reported similar levels of nutrition, but provided more stable answers within
their group, e.g., male standard deviation of 1.21 compared to female standard deviation of 1.79 for
the numeric score.

Numeric Score by Group Categorical Score by Group

Categorical Score
16 =3 Risk
% 14 N Normal
. . . 12
10

Healthy Diseased Spain Hungary Female Male All Healthy Diseased Spain Hungary Female Male All
Group Group

SRS

)

Numeric Score

o N A o ®

(a) Numeric Score (b) Categorical Score
Figure A7. Scores for Nutrition (SelfMNA). Dotted markings delimit levels of the categorical score.
Memory (MFE)

Participants reported 36 answers on the MFE scale for memory [32]. The scale classifies memory
failures as absent or potential through a numeric score from 0 to 56. See the description of MFE in
Appendix B.1.1. Participants had mean + SD numeric score of 8.7 £ 4.7. The median and mean
numeric scores indicate absent memory failures. One-third of the answers indicate the possibility of
memory failures, originating predominantly from female participants from Spain. Table A8 enumerates
the answers. Figure A8 illustrates the scores by participant group.

One item whose answers may associate with the numeric score is Q15: Forgetting important
details of done things.

The participants self-reported as diseased reported a higher probability of memory failures,
as seen in the median (mean + SD) numeric score of 9 (9.41 £ 4.5) compared to 7 (8.45 & 4.8) for
healthy participants. The ranking for the medians and means for individual items between the healthy
and diseased alternate. Examples of questions where the diseased fared worse include Q5 (checking
whether something was done), Q6 (forgetting time of events), Q14 (forgetting to do planned things),
and Q18 (forgetting to tell somebody something important) as seen from the medians different by
1 out of the maximum two levels as well as the slightly different means. Healthy and diseased
participants had similar variability in the numeric scores and alternating ranks of variability within
individual questions.

The participants from Hungary may have slightly fewer chances of memory failure, as observed
from the medians (means) of 7.5 (7.7) and 8.5 (9.7) different by 1 (2) points. Furthermore, the numeric
scores from the participants from Hungary are more stable. Questions Q5 (checking whether something
was done) and Q6 (forgetting time of events) indicate the potential memory decline within the subjects
from Spain. Question Q8 (being reminded about things) indicates the opposite. Other questions
that weigh towards an expected increase in memory failures for the participants from Spain are Q7
(being reminded about things), Q21 (telling someone a story or joke repeatedly), and Q24 (forgetting
where things are normally kept).
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Men self-reported improved memory numeric scores as compared to women, as seen from the
medians (means) of 6 (6.54) and 8 (9.76), respectively. Questions that contribute to this difference are
Q6, Q8, and Q24 and against this difference Q5. Males self-reported more stable memory failures,
as seen from the SD 3.86 and SD 4.76, respectively.

Table A8. Characteristics of PRO Memory (MFE).

Q19: Forgetting Important Details about Oneself

Q20: Getting Told Details Mixed up and Confused

Q21: Telling Someone a Story or Joke Repeatedly

Q22: Forgetting Details of Things You Do Regularly

Q24: Forgetting Where Things Are Normally Kept

Q25: Getting Lost Where You Have OFTEN been before
Q26: Getting Lost Where You Have Been RARELY before
Q27: Doing Some Routine Thing Twice by Mistake

Q28: Repeating to sOmeone What You Have just Told Them

Q23: Finding Famous Faces Unfamiliar
Numeric Score
Categorical Score

Q18: F

a

796 Healthy 3 Spain  Male 74
132 Diseased 1 Hungary Male 71
643 Healthy 2 Spain  Female 67 1
648 Healthy 1 Spain  Female 72
132 Diseased 3 Hungary Male
132 Diseased 2 Hungary Male
628 Healthy 1 Spain  Female 70 1
624 Diseased 1 Spain  Female 72 1
569 Healthy 3 Hungary Female 67
535 Healthy 3 Hungary Male 69 1
170 Healthy 3 Hungary Male 70 1
795 Healthy 3 Spain  Female 72 1
575 Healthy 2 Hungary Female 65
133 Healthy 3 Hungary Female 71

1

3

2

1

Q1: Forgetting Objects put
Q2: Failing to Recognise Places
Q3: Finding a Television Story Difficult
Q4: Not Remembering a Change in Daily Routine
Q5: Checking Whether Something Was Done
Q6: Forgetting Time of Events
Q7: Completely Forgetting to Take Things
Q8: Being Reminded about Things
Q9: Reading Anew Already Read Something
Q10: Letting Ramble about Unimportant Things
Q11: Failing to Recognise Close Relatives or Friends
Q12: Having Difficulty Picking up a New Skill
Q13: Finding Word Is “on the tip of the Tongue”
Q14: Forgetting Forgetting to do Planned Things
Q15: Forgetting important details of done things
Q16: Forgetting the Topic of an Ongoing Conversation
Q17: Failing to follow a Story in a Newspaper

to tEll

Health
Wave
Country
Gender
Age

638 Healthy 1 Spain  Female 71 1
790 Healthy Spain  Male
700 Healthy Spain  Male
569 Healthy 1 Hungary Female 67
169 Diseased 3 Hungary Female 69 1
133 Healthy 1 Hungary Female 71
420 Healthy 2 Hungary Female 71 1
215 Healthy 1 Hungary Female 87
643 Healthy 1 Spain  Female 67 1
800 Diseased 3 Spain  Female 65 1
799 Diseased 3 Spain ~ Male 79
640 Healthy 1 Spain  Female 69 1
419 Healthy 2 Hungary Male 95
169 Diseased 1 Hungary Female 69
641 Diseased 2 Spain  Female 71
649 Healthy 1 Spain  Female 72 1
625 Diseased 1 Spain ~ Male
169 Diseased 2 Hungary Female 69
641 Diseased 1 Spain  Female 71
630 Healthy 1 Spain  Female 74 1
617 Healthy 2 Spain  Female 69 1
620 Healthy 2 Spain  Female 69 1
Median: Healthy 1.0
Median: Diseased
Median: Spain
Median: Hungary

O 0 ®®E®EPNTNN NN
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Median: Female

Median: Male

Median: All

Mean: Healthy' 05 |

Mean: Diseased

Mean: Spain

Mean: Hungary L .3 0.

Mean: Female . .4 0. 0.6 03

Mean: Male i .5 0.

Mean: All 0.6

SD: Healthy I3 O 03 04 04 05 04 03 04 . 04 03 03 02 04

SD: Diseased K 04 04 02 02 03 06 04 04 04 02 04

SD: Spain .3 0. I .4 0. .

SD: Hungary . .3 04 0. .4 03 0. ‘ . 03
SD: Female X 03 04 04 05 04 04 04 04 04 04 03 04 04 04 04 06 05 04 04 04
SD: All . 03 05 05 05 04 04 03 04 04 03 02 04 03 04 03 05 05 02 04 04 04

Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).



J. Pers. Med. 2020, 10, 203 59 of 86

Categorical Score by Group

Numeric Score by Group
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(a) Numeric Score (b) Categorical Score

Figure A8. Scores for Memory (MFE). Dotted markings delimit levels of the categorical score.
Sleep (PSQI)

The seniors self-reported their sleep quality through 32 answers on the PSQI scale [33].
PSQI assesses sleep quality as good or poor based on a numeric score from 0 to 21, as described
in Appendix B.1.1. Participants recorded a median (mean £ SD) numeric score of 6.0 (6.3 & 3.9).
The median and mean sleep quality situated at the better extremity of poor sleep quality. Two-fifths of
the answers corresponded to poor sleep quality. Table A9 enumerates the answers. Figure A9 illustrates
the sub-scores and scores by participant group.

The participants with disease self-reported less adequate sleep, as depicted by the median
(mean £ SD) of 8.0 (8.6 & 3.2) compared to 5.0 (5.3 £ 4.3). Participants with disease self-reported less
adequate sleep through questions Q5B (trouble sleeping due to waking up in the middle of the night)
with a difference between median (mean) answers of 1.5 (0.53) out of 3. Conversely, healthy participants
self-reported decreased sleep quality due to using the bathroom in Q5C with a median (mean)
difference of 1.0 (0.55) out of 3. The healthy participants provided more stable PROs with a standard
deviation for the numeric score of 3.23 as compared to 4.34.

The participants from Hungary reported worse sleep quality with a median (mean + SD) of
6.0 (7.5 £ 0.2) in Hungary compared to 5.0 (5.5 & 0.1) in Spain. The difference between the sleep quality
for participants in Hungary and Spain is visible in the numeric sub-scores, e.g., subjective sleep quality,
latency, duration, efficiency, and disturbance, but not medication. However, the Spanish participants
reported more stable PROs.

Women and men reported similar levels of sleep quality with equal medians and means
(0.9 and 0.8). Question Q5A: Trouble sleeping: cannot get to sleep influenced the quality of sleep
in women, as observed by a difference of over one unit from a maximum of 3 between means.
Males provided more stable results with a standard deviation of 2.45 compared to 4.32 for the
numeric score. At the extremity of inadequate sleep, the worst six levels of sleep quality correspond to
women from both Spain and Hungary.
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Table A9. Characteristics of PRO Sleep (PSQI).

Q7: Trouble staying awake while driving, eating, or socializing
Q8: Problem with keeping up enthusiasm to get things done

Q5B: Trouble sleeping: wake up in the middle of the night
Q5D: Trouble sleeping: cannot breathe comfortably

Q5E: Trouble sleeping: cough or snore loudly
Q6: Frequency of medicine to help you sleep
Subjective Quality Numeric Sub-Score
Daytime Dysfunction Numeric Sub-Score

Q5C: Trouble sleeping: use the bathroom
Q5J: Trouble sleeping for other reason(s)

Q5A: Trouble sleeping: cannot get to sleep
Q5H: Trouble sleeping: bad dreams

Q1: Time gone to bed at night
Q2: Duration taken to fall asleep
Q3: Time gotten up in the morning
Q4: Duration of actual sleep
Q5F: Trouble sleeping: too cold
Q5G: Trouble sleeping: too hot
Q5I: Trouble sleeping: pain

Q9: Sleep quality overall
Latency Numeric Sub-Score
Duration Numeric Sub-Score
Efficiency Numeric Sub-Score
Medication Numeric Sub-Score
Efficiency Numeric Sub-Score

Numeric Score
Categorical Score

=
CTE S
5 EE F s
B = =3 g <
535 Healthy 3 Hungary Male 69 1410.0
643 Healthy 1 Spain ~ Female 67 1410.0
628 Healthy 1 Spain ~ Female 70 1440.0
648 Healthy 1 Spain Female 72
620 Healthy 2 Spain  Female 69 1435.0

575 Healthy 2
634 Diseased 1
569 Healthy 3
133 Healthy 3
132 Diseased 3
800 Diseased 3
643 Healthy 2
790 Healthy 3
803 Healthy 3
638 Healthy 1
133 Healthy 1
170 Healthy 3
640 Healthy 1
795 Healthy 3
420 Healthy 2
419 Healthy 2
799 Diseased 3
641 Diseased 2
624 Diseased 1
625 Diseased 1
700 Healthy 2
617 Healthy 2
215 Healthy 1
630 Healthy 1
169 Diseased 3
169 Diseased 1
169 Diseased 2

Hungary Female 65 1395.0
Spain Male 72 1439.0
Hungary Female 67 1385.0
Hungary Female 71
Hungary Male 71
Spain  Female 65 1440.0
Spain  Female 67 1380.0
Spain  Male 66 1440.0
Spain  Female 67
Spain  Female 71
Hungary Female 71 1375.0
Hungary Male 70 1380.0
Spain  Female 69 1440.0
Spain  Female 72
Hungary Female 71
Hungary Male 95
Spain ~ Male 79 1440.0
Spain Female 71 1380.0
Spain  Female 72 1410.0
Spain ~ Male 72 1380.0
Spain  Male 67 1410.0
Spain  Female 69 1416.0
Hungary Female 87 1380.0
Spain  Female 74 1380.0
Hungary Female 69 1380.0
Hungary Female 69 1404.0
Hungary Female 69

L L

I ==

Median: Healthy 1410.0

Median: Diseased 1392.0

Median: Spain 1439.0

Median: Hungary 1380.0

Median: Female 1404.0

Median: Male 1410.0

Median: All 1407.0

Mean: Healthy 1410.5

Mean: Diseased 1392.3 40.0 378.4 3161 1.1 1.8 0. X X 4 15 15 15 20 14 13

Mean: Spain 1432.1 164 4584 397.8 0.8 12 0. .7 07 1.0 1.3 0.6 1.0

Mean: Hungary 13649 333 369.8 350.0 1.4 1.7 1. 168 1-271:28 1.3 1.5 jlI0} 1.3

Mean: Female 1408.9 4203 3726 1.3 1.4 1. 08 0.7 08 .3 09 09 13 1.3 09 12

Mean: Male 1394.3

Mean: All 1404.8

SD: Healthy 51.1 1.2 03

SD: Diseased 09 03

SD: Spain

SD: Hungary 122.8 1.1 0.8 :
SD: Female 1022 11 1.0 1.1 03 1.1 1.0 09 09 0.9 0. 04 1.0 1.0 1.1 0.8 0.1 43 04
SD: Male 11 12 /00 09 oll 0.7 04 0.8 0.8 0 0.6 0.4
SD: All I 3 1.1 [BRET 0.9 0.8 1.0 0.8 L5 0. 1.0 09 1.1 05 .

Color coding: from orange (worse outcome relative to others) to yellow to green (better outcome).
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Figure A9. Sub-scores and Scores for Sleep (PSQI). Dotted markings delimit levels of the categorical score.
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Health-Related Quality of Life (EQ-5D-3L)

Participants provided 30 answers about their quality of life on the EQ-5D-3L scale [34]. The scale
provides 3 severity levels for five facets of life quality, no problem, some problems, and extreme problems
as well as a 0-100 numeric score for the health status on the day of the administration, as detailed
in Appendix B.1.1. Half of the answers report a health score of 90 or above. Five answers reported
a health score of 75 or below, and five answers reported a health score of 100. Table A10 shows the
answers and Figure A10 illustrates the sub-scores and scores by participant group.

Mobility Sub-Score by Group Self-Care Sub-Score by Group
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Figure A10. Sub-scores and Scores for Health-Related Quality of Life (EQ-5D-3L).

The mean £ SD perceived health is at 84.96 & 13.8 across all participants. The means £ SD
for the five domains are as follows: 1.2 £ 0.4 for mobility, 1.0 = 0.0 for self-care, 1.1 £ 0.3 for
usual activities, 1.5 & 0.6 for pain/discomfort, and 1.2 + 0.4 for depression/anxiety. None of the
participants self-reported quality of life issues due to self-care impediments.

The healthy and diseased participants report similar quality of life in the mobility, self-care,
and usual activities. However, the participants with disease report worse pain/discomfort and
depression/anxiety. Furthermore, the participants with disease report a mean health score of only
77.27 as compared to the 89.42 for the healthy. The participants with disease also self-report less
stable answers, e.g., SD for the health score of 16.97 as compared to the SD of 8.95 of the healthy.

Participants from Spain self-reported a slightly improved health than those from Hungary.
The participants from Spain reported a median health score of 90 compared to 85 for those from
Hungary. However, the mean health scores are similar: 86.84 and 83.52, respectively. The participants
from Hungary participants provided more stable health score, but more varied depression/anxiety
responses than the participants from Spain.
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Female participants report similar health as compared to male participants, with a median health
score of 85 compared to 90, but a mean of 85.42 compared to 83.88. Women self-report experiencing
slightly less mobility, usual activities, and depression/anxiety.

Table A10. Characteristics of PRO Health-Related Quality of Life (EQ-5D-3L).
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641 Diseased 2
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648 Healthy 1
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170 Healthy 3

Spain  Female
Spain Female
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Spain Female
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Hungary Female
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2
2
2
2
2

132 Diseased 3 Hungary Male
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643 Healthy 2 Spain  Female 67

617 Healthy 2 Spain ~ Female 69

795 Healthy 3 Spain  Female 72

569 Healthy 3 Hungary Female 67

133 Healthy 1 Hungary Female 71
2

419 Healthy 2 Hungary Male
799 Diseased 3 Spain ~ Male
133 Healthy 3 Hungary Female 71
800 Diseased 3 Spain  Female 65
643 Healthy 1 Spain  Female 67
628 Healthy 1 Spain ~ Female 70
638 Healthy 1 Spain ~ Female 71
790 Healthy 3 Spain  Male 66
Median: Healthy
Median: Diseased
Median: Spain
Median: Hungary
Median: Female
Median: Male
Median: All
Mean: Healthy
Mean: Diseased
Mean: Spain
Mean: Hungary
Mean: Female
Mean: Male
Mean: All

SD: Healthy

SD: Diseased

SD: Spain

SD: Hungary

SD: Female

SD: Male

SD: All

Color coding: from orange (worse outcome relative to others) to yellow to reen (better outcome).

Appendix C.1.2. Technology-Reported Outcomes (Fitbit)

We overview the TechROs by first assessing the data quality. Table A1l depicts the total
compliance (as the number of days including TechROs) as well as the intraday compliance (as the
number of valid days). Figure A11 depicts participant compliance in days (all monitored and valid) for
each participant group. Figure A12 illustrates participant compliance by outcome. Figures A13-A15
show participant compliance by health, country, and gender groups, respectively.

While participants wore the devices for a median (mean) of 224 (295) days, Fitbit reported TechROs
for different durations. Energy expenditure, steps, and heart rate appeared in the majority of days,
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with their medians (means £ SD) at 224, 204, and 128 (295 £ 238, 276 & 236, and 230 + 214) days.
The sedentary, light, fair, and vigorous physical activity durations appeared in decreasing durations,
with medians (means £ SD) at 136, 136, 91, and 79 days (219 &+ 203, 219 £ 202, 165 £ 171,
and 160 + 168 days). Sleep monitoring recorded a median (mean + SD) of 130 (198 + 194) days.
Cumulative TechROs such as sedentary+light recorded durations corresponding to at most the
minimum of their constituents.
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Figure A11. Count of seniors with at least the given valid days of Fitbit (TechRO) by group.
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Figure A12. Count of seniors with at least the given valid days of Fitbit (TechRO) by outcome.
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Figure A13. Count of seniors with at least the given valid days of Fitbit (TechRO) by outcome and health group.
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Figure A14. Count of seniors with at least the given valid days of Fitbit (TechRO) by outcome and country group.
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Table A11. Days of Fitbit (TechRO) data for seniors with at least one PRO (N = 32 participants).

Monitored Days
Sedentary+Light

PID
Health
Country
Gender
Age
Energy
Steps
Heart Rate
Sedentary
Light
Light+Fair
Fair
Fair+Very
Very
Active
Sleep
Valid Days

502 Diseased Hungary Female 63
649 Healthy Spain  Female 72
630 Healthy Spain  Female 74
799 Diseased Spain ~ Male 79
648 Healthy Spain  Female 72
791 Diseased Spain ~ Male 72
800 Diseased Spain ~ Female 65
798 Healthy Spain  Female 67
796 Healthy Spain  Male 74
575 Healthy Hungary Female 65
795 Healthy Spain Female 72 274 274
790 Healthy Spain  Male 66
624 Diseased Spain  Female 72
420 Healthy Hungary Female 71 552 344 420 233 417
644 Diseased Spain ~ Male 70
576 Healthy Hungary Male 60 439 439 430 430 430 420 430
634 Diseased Spain ~ Male 72237 237 230

793 Healthy Spain  Male 68

641 Diseased Spain ~ Female 71
643 Healthy Spain Female 67 186 186 186 186 171 171
638 Healthy Spain  Female 71 208 208 207 208

212 Healthy Hungary Male 72
170 Healthy Hungary Male 70
169 Diseased Hungary Female 69
625 Diseased Spain ~ Male 72 288

628 Healthy Spain Female 70 303 303 290 286 289 288 289 278 278 273 273 273 276 146
617 Healthy Spain  Female 69 402 402 395 391 392 392 392 355 355 342 344 342 392 170
569 Healthy Hungary Female 67 501
133 Healthy Hungary Female 71
419 Healthy Hungary Male 95
640 Healthy Spain  Female 69 385 385
132 Diseased Hungary Male 71
Median: Healthy 274.0 274.0 261.0 208.0 208.0 207.0 208.0
Median: Diseased
Median: Spain

Median: Hungary 430.0 420.0 430.0 303.0 303.0 298.0 299.0 298.0 429.0 140.0
Median: Female

Median: Male 237.0 237.0 230.0

Median: All

Mean: Healthy 3150 3150 300.1 2545 248.0 2333 247.5 1821 1821 1741 1747 1741 2250 985
Mean: Diseased 257.1 257.1 231.6 184.3

Mean: Spain

Mean: Hungary 543.0 543.0 509.8 443.8 4141 380.9 4131 2931 2931 281.2 282.0 281.2 365.0 138.7
Mean: Female 2723 2723 2502 2089 2042 189.4 2040 1584 1584 1513 1517 1513 180.6 86.6
Mean: Male 328.6 328.6 3151 2617 241.6 232.0 241.0 1762 1762 171.8 172.3 1718 2244 933
Mean: All 2951 2951 2765 2304 219.4 2067 219.0 1984 89.3
SD: Healthy 2387 2387 2340 216.8 207.8 1985 207.5 1994 89.8
SD: Diseased 231.9 2319 2354 2009 1814 179.0 1816 177.8 177.8 177.2 177.3 177.2 1738 86.6
SD: Spain

SD: Hungary 2158 2158 2351 194.6 188.3 1957 188.6 1933 1933 193.8 193.8 193.8 202.2 98.0
SD: Female 2150 2150 212.8 195.0 1869 179.3 186.8 158.9 1589 153.8 1542 153.8 1765 892
SD: Male 2645 2645 2631 2357 222.7 2145 2224 1867 186.7 1855 1857 1855 2156 90.0
SD: All 238.0 238.0 236.7 214.1 2030 1955 2028 171.0 171.0 167.7 168.0 167.7 1945 89.6

Color coding: from orange (fewer days relative to others) to yellow to green (more days).

Concerning total compliance, Fitbit devices were worn by the participants in 295 + 238 days on
average and 50% of participants wore the Fitbit devices in at least 224 days. Healthy participants wore
the devices on average 58 days more than participants with disease. Hungarian participants were also
significantly more compliant in wearing the devices, by achieving mean 543 (446 more) days with
monitored data. From the top 10 compliant, six were Hungarian. Most days were recorded by three
Hungarians, and most valid days were recorded by one Hungarian. Men wore the devices for only
slightly more extended periods than women.
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Figure A16. Median values of TechROs (Fitbit) across the entire monitoring period: energy, steps,
heart rate, sedentary duration, sedentary+light duration, light duration (1 of 2).

Regarding intraday compliance, participants wore the devices for more than 23 h for a mean 4 SD
of 89 + 89 days while 50% of them wore the devices for at least 49 valid days of 21 h. One third had less
than 30 valid days, half had less than 60 days, one person had 90 days, and one third had more than
120 days. The participants with disease were more compliant intraday than the healthy participants,
keeping 37 valid days as compared to only 51 by the healthy participants, having a relative ratio to the
total days of 4. Participants from Hungary were also more compliant intraday, achieving 140 valid
days compared to 30 valid days and 13 ratio to total.

We overview the dataset by depicting in Table A12 the medians of the TechRO variables
obtained from the participants’ days over the entire period of monitoring and summary statistics by
participant group. The following paragraphs describe each TechRO in depth. Figures 8 and 9 depict
the median values for each group across the entire monitoring period.
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575 Healthy Hungary Female 65 1733.0 8835.0 64.0 750.0 1005.5 252.0 266.0 [Z0 29.0 23.0 289.0 6:48
569 Healthy Hungary Female 67 1753.0 10,038.5 56.0 689.0 931.0 235.0 264.0 17.0 46.0 26.0 295.0 7:42
420 Healthy Hungary Female 711349.0 3462.0 66.0 1286.0 945.0 120.0 181.5 10.0 19.0 6.0 184.0 9:00
133 Healthy Hungary Female 71 2163.0 9856.0 64.0 628.0 894.0 257.0 286.0 26.0 53.0 24.0 316.0 818
576 Healthy Hungary Male 60 2516.0 2624.5 63.0 829.0 9965 171.0 1940 80 120 3.0 197.0 7:18
170 Healthy Hungary Male 70 2585.0 138,882.0 53.0 620.0 929.0 309.0 333.0 15.0 51.5 31.0 375.0 7:42
212 Healthy Hungary Male 72 2046.0 3445.0 56.0 1152.5 1203.0 {920 120.5 8.0 220 11.0 183.5 4:18
419 Healthy Hungary Male 95 2490.0 5239.0 52.0 704.0 885.0 168.0 206.0 26.0 68.0 37.5 250.0 8:12
643 Healthy Spain  Female 67 1795.0 9281.0 57.0 603.0 9355 1322.0 8362.0 32.0 49.0 15.0 384.0 7:42
798 Healthy Spain  Female 67 1817.0 9911.0 76.0 691.0 971.0 263.5 309.0 23.0 75.0 42.0 351.0 6:42
640 Healthy Spain  Female 69 1708.0 8892.5 59.5 705.0 934.0 225.0 248.0 18.0 38.0 20.0 273.0 7:48
617 Healthy Spain  Female 69 1639.0 8545.0 70.0 691.0 8735 180.0 207.0 22.0 56.0 33.0 239.0 8:18
628 Healthy Spain  Female 70 1833.0 8876.0 57.0 583.0 821.0 |235.0 310.5 70.0 126.0 40.0 362.0 8:18
638 Healthy Spain  Female 71 1896.0 7907.5 67.0 7285 976.0 248.0 274.0 21.0 47.0 18.0 284.0 7:06
648 Healthy Spain  Female 72 1425.0 6235.0 66.0 778.0 992.0 2265 2445 13.0 245 8.0 251.5 7:18
649 Healthy Spain  Female 72 1854.0 7520.0
795 Healthy Spain  Female 721896.0 5664.0 58.0 764.0 1039.0 265.5 300.0 26.0 48.0 17.0 316.0 6:18
630 Healthy Spain  Female 74 1820.0 6577.0 57.0 825.0 1008.0 147.0 1635 6.5 175 95 171.0 6:54
790 Healthy Spain  Male 66 2686.0 14123.5 60.0 1106.0 1298.0 205.0 233.0 23.0 79.0 52.0 304.0 3:30
793 Healthy Spain  Male 68 2536.0 8879.0 64.0 791.5 1086.5 291.0 328.0 355 59.0 25.0 367.0 4:48
796 Healthy Spain  Male 74 2347.0 18989.0 61.0 1113.0 12925 175.0 210.5 29.0 97.0 71.5 288.5 8:06
502 Diseased Hungary Female 63 [1230.0 2171.0  75.0 1327.5 14245 96.0 155.0 11.0 140 3.0 166.0 1:36
169 Diseased Hungary Female 69 2000.5 7659.0 54.0 836.5 994.0 199.0 248.0 24.0 56.0 22.0 284.5 7:06
132 Diseased Hungary Male 71[3086.0 11136.0 51.0 605.5 807.0 193.0 231.0 32.0 127.0 96.0 335.0 8:24
800 Diseased Spain ~ Female 65 1643.0 9030.0 |77.5 739.0 989.5 244.0 284.0 21.0 43.0 19.0 308.0 7:00
641 Diseased Spain ~ Female 71 1676.0 10216.0 65.0 718.0 9655 223.5 274.0 33.0 69.0 31.0 308.0 7:06
624 Diseased Spain ~ Female 72 1979.0 5292.0 63.0 730.0 970.0 257.0 279.5 13.0 21.0 7.0 287.0 7:42
644 Diseased Spain ~ Male 70 2566.0 7903.5 61.0 781.0 952.0 177.0 197.0 11.0 40.0 27.0 231.0 7:30
625 Diseased Spain ~ Male 72 2197.0 103945 53.0 589.0 876.0 291.0 320.0 20.0 45.0 22.0 351.0 8:30
634 Diseased Spain ~ Male 72[8121.0 128325 61.0 7945 1060.0 232.5 310.0 54.0 [141.0 77.0 393.0 4:24
791 Diseased Spain Male 72 2397.5 40120 62.0 789.0 986.0 185.0 199.0 75 125 50 204.5 7:36
799 Diseased Spain ~ Male 79 1682.0 4268.0 49.0 878.0 960.0 140.0 187.5 75 13.0 7.0 193.0 8:00
Median: Healthy 1833.0 8835.0 60.5 739.2 9735 230.7 256.0 21.5 48.5 23.5 288.7 7:30
Median: Diseased 2000.5 7903.5 61.0 781.0 970.0 199.0 248.0 20.0 43.0 22.0 287.0 7:24
Median: Spain 1833.0 8876.0 61.0 751.5 9735 229.5 274.0 21.5 475 21.0 296.2 7:24
Median: Hungary 2046.0 7659.0 56.0 750.0 945.0 193.0 231.0 15.0 46.0 23.0 284.5 7:36
Median: Female 1733.0 8545.0 64.0 729.2 9705 235.0 270.0 21.0 46.5 19.5 288.0 7:12
Median: Male 2516.0 8879.0 60.0 791.5 986.0 185.0 210.5 20.0 51.5 27.0 288.5 7:30
Median: All 1875.0 8690.0 61.0 750.0 971.0 225.0 248.0 21.0 47.0 22.0 2885 7:24
Mean: Healthy 1947.0 82753 61.3 801.8 1000.8 219.3 252.0 21.8 50.8 25.6 281.5 7:06
Mean: Diseased 21389 77195 61.0 7989 9985 2034 244.0 21.2 52.8 28.7 278.2 6:48
Mean: Spain 1976.8 8588.0 62.2 769.8 999.3 226.6 262.0 243 55.0 27.3 293.3 7:00
Mean: Hungary 20819 71225 59.4 857.0 1001.3 190.1 2259 16.7 452 25.6 256.8 6:54
Mean: Female 16952 76825 64.0 781.8 981.6 222.0 258.6 21.8 46.1 20.1 281.6 7:06
Mean: Male 24773 8671.4 57.3 827.1 1025.5 202.2 236.1 21.2 59.0 35.7 278.6 6:42
Mean: All 20129 8084.2 61.2 800.8 1000.0 213.7 249.2 21.6 51.5 26.7 280.3 7:00
SD: Healthy 4232 31719 58 1955 1264 598 612 13.8 277 165 69.1 1:24
SD: Diseased 569.0 32374 87 1868 1485 523 517 134 422 289 681 1:54
SD: Spain 4620 27351 6.7 1353 1154 47.6 53.6 152 341 199 624 1:18
SD: Hungary 5244 37684 7.1 2574 1640 66.6 589 84 31.6 248 733 2:00
SD: Female 246.3 22048 69 1966 119.0 541 52.0 139 258 11.0 59.4 1:30
SD: Male 3632 41961 49 1835 1501 60.7 634 134 408 287 79.8 1:42
SD: All 4869 32055 7.0 1925 1347 578 582 137 33.6 21.8 688 1:36

Color coding: from orange (worse outcome relative to
Participant 649 only provided energy and steps.

others) to yellow

to green (better outcome).

71 of 86

Table A12. Median values of TechROs (Fitbit) across the entire monitoring period (N = 32 participants).
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Figure A17. Median values of TechROs (Fitbit) across the entire monitoring period: light+fair duration,
fair duration, fair+vigorous duration, vigorous duration, active duration, sleep duration (2 of 2).

Energy Expenditure (Raw Family)

For the energy expenditure Fitbit behavioural marker, participants spent a mean + SD energy of
2013 = 487 kcal. 50% participants spent 1896 kcal. or more per day. Table A12 illustrates these results.

Participants with disease consumed 100-200 kcal. more than healthy participants per day;,
with medians (means) of 2000 and 1825 (2139 and 1951). We observed a similar difference between the
participants from Hungary and Spain (difference of means 213 kcal). Men consumed more calories
than women, with respective medians (means) of 2516 and 1720 (2477 and 1686), but also with higher
variation, with male SD 363 kcal. vs. female 250 kcal.

Steps (Raw Family)

For the steps Fitbit behavioural marker, participants were active: they performed a median
(mean £ SD) of 8690 (8084 £ 3205) measured steps per day. Table A12 illustrates these results.

Healthy participants performed on average 556 more steps than participants with disease,
and with a median difference of 932 steps. Healthy and diseased participants had comparable
variabilities in the step counts. Participants from Spain performed on average 1217 more steps than
participants from Hungary and the devices measured more consistency. Men performed 1992 more
steps on average than women. However, the 50% step counts are similar, partly due to four males who
performed more than 12.000 median steps per day.

Heart Rate (Raw Family)

For the heart rate behavioural marker measured by Fitbit, the median and (mean £ SD) were
61 (61 £ 7) beats per minute. Table A12 illustrates these results.
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Both healthy and diseased participants reported similar heart rate means and medians. Devices
owned by participants with disease reported higher variability between daily measures than healthy
participants with 8.77 bpm. and 5.81 bpm., respectively. Hungarian participant devices reported a
lower median at 56 compared to 61 bpm. On average, men had 3 bpm. less than women.

Sedentary Duration (Processed Family)

For the behavioural marker of sedentary duration, the participants recorded 801 & 192 mean
minutes per day. Table A12 illustrates these results.

Participants with disease report more sedentary time than healthy participants, with means of
781 and 739 min, respectively. Participants from Hungary report 88 min more sedentary duration on
average with 857 compared to 769; however, they report similar medians. Men also report 242 min.
more sedentary time than women, with medians 971 and 729 min, respectively.

Light Intensity Physical Activity Duration (Processed Family)

For the duration of physical activity at a light intensity as reported by Fitbit, all participants spend
on average 213 & 57 min per day. Table A12 illustrates these results.

Healthy participants report approximately 20 min more per day with a median (mean) of 230 (219)
compared to 199 (203). Participants from Spain also report 30 min more with 229 median min for Spain
compared to 193 median min for Hungary. Females are more active in the light intensity spectrum by
20 min than males.

Fair Intensity Physical Activity Duration (Processed Family)

For the duration of physical activity at a fair intensity as reported by Fitbit, all participants spend
on average 21 £ 13 min per day. Table A12 illustrates these results.

Regardless of their grouping criteria of health status, country, or gender, participants consistently
report means and medians in the 16-22 min for the fair intensity physical activity.

Vigorous Intensity Physical Activity Duration (Processed Family)

For the duration of physical activity at a vigorous intensity as reported by Fitbit, all participants
spend on average 26 £ 21 min. per day. Table A12 illustrates these results.

Regardless of their grouping criteria of health status or country, participants consistently report
means and medians in the 19-28 min for the vigorous-intensity physical activity. Men may perform
vigorous physical activity for 10-15 min more than women, as observed in their respective medians
(means) of 27 (35) and 19 (20), but also with more variability as their standard deviation is 28
compared to 11.

Sleep Duration (Processed Family)

For the sleep duration, participants sleep on average 7 & 1.6 h and 50% of the participants sleep
7 h and 30 min. Table A12 illustrates these results.
The healthy participants sleep on average 18 min more than those with mild disease.

Appendix C.2. Inferential Analysis (PROs vs. TechROs)

We depict the significant correlations between PROs and TechROs for the questionnaires
assessing physical activity (Table A13), social support (Table A14), depression and anxiety (Table A15),
Mediterranean nutrition (Table A16), nutrition (Table A17), memory (Table A18), sleep (Table A19),
and health-related Quality of Life (Table A20). In all tables of this part, we highlight the significant
correlations at rg > 0.5.
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Table A13. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of Physical Activity on the IPAQ scale (columns).
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Color coding: from orange (weaker correlation/fewer total correlations) to yellow to green (stronger correlation/more total correlations). Only significant correlations are shown.

Only coefficients of 0.5 or above are highlighted.
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Table A14. Correlation coefficient (Spearman rs) between TechROs from Fitbit (rows) and PROs of Social Support on the MSPSS scale (columns).

t £
H H 2
= H £ = H . 5
g g H g % @ & z
2 g 1 E 2 H - g
2 g E § % g 3 <
£ k4 H g g £ 3 H . ]
] E S s z H = < H g
2 : z H H £ H H H 2 £
H 2 = g g 2 H 2 £ 2 2
2 2 ] H £ £ o - < g @ P
g g o £ = 4 i z g = 5 £ H g
2 £ Fl H g & S 5 = S £ 2 H g ¢
: H I £ H 2 3 2 E g w 2 H £ £
H 3 3 E H : § £ 2 5 f H g
g g k- 3 § E g 3 2 Z H E 2 £ i H o
= = % by = B @ % i ] ES b i3 £ £ 2 g
3 -} E e E < -1 £ k-1 k1 = H E 3 2 3 2
g g E E g g g E H i E : g E 5 £ £
° & & 2 2 & £ £ & £ M = g g 2 2 g
4 = & & % I3 & I % & 2 = =} & £ 2 = 3
& <] =1 3 & <] <] =1 3 & & & ] @ & & S z
Kl € F§ ¢ £ 3 & £ § & £ ;3 & £ 3 2 £ 3 % £z % 5 ; € ; 2 £z ¢ S ; € g ¢ ;% E ; EE ;2 E T o2 oE ;g
Family TechROZ & = A & £ 6 & = A & £ 6 & = A & £ 6 & = A & £ A& & A & = A & = 6 £ 8 & £ A & £ 6 £ & & = & & £ &
Raw Energy 05
Steps 04 04 04 06 06 03 04 05 05 06 05 05 06 08 04 04 06 070 04 05 05 04 DZU0803 04 04 04 05 06 06 04 05 05 05
Heart rate 04_ 04 03
Processed Sedenfary 05 05 05_ 072105 040806 05 07-06_ 06 05 04 04 04 0606 04 05 07-07- 03 0606 05 05 07-06 05 — 04 05 06- 05 06 05
Sedentary +light 03 05 03 03_03_ 06205 03 06- 04
Light 04 05 06 04 06 05 06 06 07 0706 07 0606 06 06 08 05 05 06 07 06 08 04 06 06 06 07 07 05 06 07 06 07 06-
Light+fair 03 05 05 06 05 06 07 0706 07 0606 06 07 07 06 0505 06 07 07 04 06 0506 07 07 07 07 07 06 08 06
Fair 03 082 07- 09 07 07 06- 0.8 04 0408 06 07 09 06 04 04- 07 07-
Fair+vigorous 06- 06 07- 07 05 06-
Vigorous 06 06 0506 06 05
Active 06 04 06 05 06 05 06 06 07 0506 07 0507 08 06 07
Sleey 06 04 06 06
CIRPA  Sedentary 03 03 0503
Light 03 04 03 06 04 06 03 04 04 04 05 05 06 08 03 05
Fair 03 05 0304 04 05 05 04 05 X 06 05
igorous 06 07 j04 07 06 04 07104 04 05 05 6 0605 07504 05 04
CIRPA+S Sedentary 07 07- 05 05 [ 06 06 06
Light 04 03 05 03 05 03 05 04 04 04 05 05 05 04 04 05
Fair 05 05 07 07 08 09 07 04 07 08 03 0.6 05 06 05 05 06-07 08
Vigorous 06 08 06 07 06 04 08 06 03 06 03 0505 04 06 04 04
Sleep 067103 05_ 05_ 4
Raw Total
Processed  Total 2 5 4 2 @W5 3 6 2 2 4 2 4 6 2 4 3 6 3 2 4 4 o
CLRPA  Total 11 11 1 1 1 1 1 1 2 1 1 2 2
CLRPA4S Total 1.3 w2 3 2 111 2 2 3 1 1 3 13 101 2 2 1 3 1
All Families Total 4 9 5 5 10 6 7 3 3 6 2 7 9 3 3 10 6 6 11 18 12 4 7 [l 4 8 A8 5
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Only coefficients of 0.5 or above are highlighted.
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Table A15. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of Depression and Anxiety on the GADS scale (columns).
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Table A16. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of Mediterranean Nutrition on the PREDIMED scale (columns).
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Only coefficients of 0.5 or above are highlighted.
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Table A17. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of
Nutrition on the SelfMNA scale (columns).
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Color coding: from orange (weaker correlation/fewer total correlations) to yellow to green (stronger
correlation/more total correlations). Only significant correlations are shown. Only coefficients of 0.5 or
above are highlighted.
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Table A18. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of Memory on the MFE scale (columns).
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Color coding: from orange (weaker correlation/fewer total correlations) to yellow to green (stronger correlation/more total correlations). Only significant correlations are shown.
Only coefficients of 0.5 or above are highlighted.
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Table A19. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of Sleep on the PSQI scale (columns).
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Table A20. Correlation coefficient (Spearman rg) between TechROs from Fitbit (rows) and PROs of
Health-Related Quality of Life on the EQ-5D-3L scale (columns).
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correlation/more total correlations). Only significant correlations are shown. Only coefficients of 0.5 or
above are highlighted.
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Abstract A leading risk factor for chronic disease is physical inactivity. In efforts
to assess physical activity and inform designs for prevention, health professionals
currently use inexpensive, but subjective validated scales, or objective, but expensive
research-grade wearables. In the meanwhile, individuals increasingly use affordable
consumer-friendly wearable devices that can objectively monitor behaviours while
daily life unfolds. However, the relationships between their outcomes and the
validated scales are yet to be calibrated. We report our results from a study on
31 seniors from Hungary and Spain (mean age 70.6 + 3.2). Our study quantified
the relations between physical activity outcomes, as patient-reported through 53
answers (1.71 £ 0.96 / person) on the International Physical Activity Questionnaire
(IPAQ) with a 7-day recall period, and 5615 days (mean 181.1 + 179.2 days collected
/person) technology-reported by Fitbit Charge 2. The wearables monitored daily life
behaviours of physical activity and sleep for long durations (7 to 120 days). We found
strong Spearman correlations between light and moderate IPAQ physical activity in
the domestic activity domain, and light-fair intensity Fitbit physical activity (e.g., rs
= 0.88, p < 0.005). We also found negative moderate-strong correlations between
Fitbit sedentary duration and all IPAQ physical activity domains and intensities (e.g.,
rs = 0.64, p < 0.005). We obtained increasingly stronger relationships across all
IPAQ domains and Fitbit intensities by monitoring physical activity beyond the scale
recall period, quantifying physical activity relative to all activities of the day, and
including sleep. Our findings inform the design of longitudinal observations and
personalized, focused, and potentially effective interventions for physical activity in
seniors.

Keywords observational study, healthy senior, physical activity, statistical correlation,
questionnaire, IPAQ, consumer-friendly wearable, Fitbit.
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Abstract

A leading risk factor for chronic disease is physical inactivity. In efforts to assess physical activity and inform designs for pre-
vention, health professionals currently use inexpensive, but subjective validated scales, or objective, but expensive research-grade
wearables. In the meanwhile, individuals increasingly use affordable consumer-friendly wearable devices that can objectively mon-
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/ person) technology-reported by Fitbit Charge 2. The wearables monitored daily life behaviours of physical activity and sleep
for long durations (7 to 120 days). We found strong Spearman correlations between light and moderate IPAQ physical activity in
the domestic activity domain, and light-fair intensity Fitbit physical activity (e.g., rs = 0.88, p < 0.005). We also found nega-
tive moderate-strong correlations between Fitbit sedentary duration and all IPAQ physical activity domains and intensities (e.g.,
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1. Introduction

Chronic diseases represent a significant share of the burden of disease globally [21]. They are responsible for 86%
of all deaths [36]. In Europe, chronic diseases affect over 80% of adults over 65 and incur 70% of the increasing
healthcare costs [3]. The most common chronic diseases are cardiovascular, pancreatic, pulmonary, and neoplastic.

Unhealthy lifestyle and behaviours, such as physical inactivity, poor nutrition, and tobacco intake, explain up to
50% of the risk of chronic disease [12]. A leading behaviour of risk is physical inactivity. There is “overwhelming
evidence that proves the notion that reductions in daily physical activity are primary causes of chronic diseases” [5].
However, "the evidence is currently insufficiently precise to warrant separate guidelines for each specific disease, but
it is strong enough to cover all health outcomes” [35].

The gold standard for the measurement of physical activity is the subjective patient-reported outcome (PRO, [19])
administered as a questionnaire based on a qualitative scale, statistically validated on a population of interest. However,
validated scales for physical activity have the inherent shortcomings of PROs: they are inconvenient, infrequent,
memory-biased, socially conditioned, and qualitative.

Research-grade wearables measure physical activity objectively. They provide quantitative, technology-reported
physical activity outcomes (TechRO, [19]), such as acceleration and heart rate, and have been clinically validated.
However, they are uncomfortable and expensive [30]. Several studies used PROs from validated scales and TechROs
from research-grade wearables to quantify the relationships between subjective and objective physical activity [11,
34]. However, their participants wore the devices for a short-term period, and without owning the devices.

Consumer-friendly wearables measure continuously, accurately, and objectively quantitative TechROs of physical
activity during daily life for long, or longitudinal periods [9]. Also, more individuals opt for consumer-friendly wear-
able devices; the market size will likely double by 2022 [16]. However, the few studies using exclusively consumer-
friendly wearables to measure longitudinal physical activity, e.g., [6], focused on younger populations.

To our knowledge, there are no studies aimed at quantifying the relationships between physical activity PROs
(obtained from validated scales) and TechROs (collected from consumer-friendly wearables) at different intensities
in longitudinal, daily, and free-living conditions for seniors. Our study observed N = 31 healthy seniors along 2017-
2019. They provided 53 PRO answers and collected 5615 TechRO days of physical activity and sleep. We included
sleep in the TechROs to model the interdependence of active, sedentary, and sleep duration during the day [26].

From over 80 scales that provide physical activity PROs [22], we chose the International Physical Activity Ques-
tionnaire (IPAQ). The IPAQ is "developed to measure health-related physical activity in populations” [14] and has
been validated on seniors. In our study, it was feasible to administer the long (and more detailed) variant of the IPAQ.

From over 200 models of consumer-friendly wearables that provide physical activity TechROs [15], we chose Fitbit
(Fitbit, Inc.). Fitbit aims at motivating consumers to “reach health and fitness goals by tracking activity, exercise,
sleep, weight, and more” [10]. It has been selected for Digital Health Software Precertification by the US FDA
[32]. Fitbit monitors daily life behaviours accurately and continuously, operationalizes the critical human factors for
prolonged wear by senior end-users, and facilitates reliable behavioural data collection. We selected Fitbit Charge 2,
a watch model with a user-friendly display, previously validated with seniors [31].

Our paper is structured as follows. Section 2 reviews related work. Section 3 describes our method. Section 4
foregrounds our results. Section 5 discusses our findings. The last section concludes the paper.

2. Related Work

Validated scales of physical activity and sleep have only moderate validity and reliability [24]. Sims et al. have
shown that seniors reporting physical activity overestimate the amount undertaken (N = 20, mean age 72.2, [28]).
Also, two studies by Anderson (N = 421, ages 87-89, [4]) and Van Der Berg (N = 69, ages 57-97, [33]) have shown
that subjective sleep is less reliable than objective sleep.

Several studies have compared PROs to TechROs by using a validated scale in tandem with a research-grade
wearable. For example, Garriguet et al. have found a Spearman rg¢ = 0.23 correlation between PRO and TechRO
moderate and vigorous activity. The latter was reported by Actical accelerometers worn for seven days (N = 112, ages
18-79, [11]). Wanner et al. have obtained a Spearman rg = 0.41 correlation between vigorous physical activity from
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PROs and TechROs. They used ActiGraph GTX3+ accelerometers worn for eight days (N = 346, mean age 54.6,
[34]). These studies have focused on younger populations for a short-term period (typically one week).

Other studies have compared TechROs from both research-grade and consumer-friendly wearables by requiring the
participants to wear them simultaneously. Gomersall et al. have reported Spearman rg = 0.80 correlations between
ActiGraph GTX3+ and Fitbit One for moderate and vigorous physical activity (N = 29, mean age 39.6, [13]). Partic-
ipants wore both devices on the hips for two sessions of seven days each. Brewer et al. have found a Pearson r = 0.69
correlation between moderate and vigorous physical activity measured by ActiGraph GT3X+ and Fitbit devices (N
= 50, university students, [6]). Participants wore the devices on the hip and wrist for seven days. These studies have
focused on younger populations and covered a short-term period as well due to the research-grade wearable and the
discomfort from wearing both devices.

To our knowledge, no studies quantified the relationships between physical activity PROs and TechROs at different
intensities in longitudinal, daily, and free-living conditions for seniors. In our study, we used PROs from the IPAQ
validated scale and TechROs from the Fitbit Charge 2 consumer wearable.

Studies have previously assessed physical activity by using the IPAQ. Silsbury et al. have reported that IPAQ has
very good reliability and good agreement with accelerometer measures [27]. Van Poppel et al. included IPAQ in the
list of scales appropriate for measuring their intended dimension of physical activity [24]. Prior studies in Hungary
and Spain, the countries of our research, have also used the IPAQ. In Hungary, Makai et al. used the IPAQ and found
differences in physical activity levels by sociodemographic parameters in N = 910 adults [18]. In Spain, Roman-Vifias
et al. have found that the IPAQ has good reliability for all its intensities and domains in N = 110 adults [25].

Previous studies measured the accuracy of Fitbit consumer-friendly devices in reporting daily life behaviours of
physical activity and sleep. Ferguson et al. have found the Fitbit One, Fitbit Zip, and Withings Pulse to perform the
most reliably across physical activity and sleep constructs (N = 21 adults, [9]). Brewer et al. have reported that Fitbit
(Charge HR, Charge, Flex, Surge, Zip, Alta) agrees with the ActiWatch GT3X+ accelerometer in assessing active
minutes of physical activity in a study run for 7 days (N = 50 university students, [6]). For seniors, Tedesco et al.
compared the Fitbit Charge 2 and the Garmin Vivosmart HR+ in free-living environments in a senior cohort (N = 20,
age over 65, [31]). They have found that Fitbit had better overall results in step count, energy expenditure, and sleep
duration. Paul et al. have also found that Fitbit One and Flex monitor and provide feedback on steps accurately for
seniors (N = 32, age over 60, [23]).

The user experience with the wearable of the target group is an essential factor affecting the duration of wear.
McMahon et al. have reported that Fitbit One (N = 95, 70+ years old, [20]) is easy to use on the System Usability
Scale [7]. Steinert et al. have found that seniors (N = 20, age over 60) graded the Fitbit the highest in usability.

Fitbit provides a well-documented application programming interface (API). The Fitbit API exposes behavioural
data for the entire day, including physical activity and sleep.

3. Methods

Our study had three objectives. First, we aimed at quantifying the relationships between PRO intensities and do-
mains of physical activity and TechRO intensities of physical activity. Second, we aimed at identifying stronger rela-
tionships beyond the typical questionnaire recall period of several days. Third, we aimed at reporting the quantified
relations from data collected while daily life unfolds.

3.1. Study Design

We conducted the study as part of the EU AAL Caregiver and Me (CoME, No. 14-7) research project and software
application (2015-2020) for self-management aimed at healthy seniors [2]. The goal of CoME was to reduce the risk
of developing dementia [17] by monitoring its risk factors, including physical activity. The institutional review board
at the University of Geneva had approved the study in 2016.

Seniors who owned a smartphone, or were willing to receive one for ownership, were invited to a care centre in
their city (Lleida, Spain and Budapest, Hungary). A total of 42 individuals (age: 68.78 +/- 6.30; gender: 26 female
and 16 male; location: 28 in Spain and 14 in Hungary) agreed to participate from January 2017 to December 2019.
They signed written consent. Their identities were pseudonymized.
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Upon arrival at the care centre, participants attended an informational workshop about the project. They optionally
received a smartphone and a Fitbit Charge 2 consumer wearable as their own (for the study duration and beyond). At
the beginning and in subsequent visits throughout 2018 and 2019, the participants answered several questionnaires,
including the IPAQ. They were not explicitly informed about when they would fill the questionnaires to avoid any
activity pattern change before the visit. Caregivers assisted them throughout the process. Three distinct periods of
answers, or waves, have resulted: wave 1: mid-2018, wave 2: end-2018 and start-2019, and wave 3: mid-2019.

3.2. Patient-Reported Physical Activity (IPAQ)

The IPAQ long contains 25 questions about the typical duration and frequency of physical activity at walking, mod-
erate, and vigorous intensities, in several domains: work, transport, domestic and garden, and leisure. The questions
refer to a recall period of one week. The scale provides separate scores of physical activity for each intensity, domain,
and overall, derived from the cumulative weekly duration and the energy expenditure. We calculated the IPAQ weekly
durations for the intensities and domains (11 variables corresponding to the non-score rows in Table 1). We separately
included the scores for the intensities and domains (7 variables). We then added the overall score (1 variable). We
obtained a total of 19 PRO variables represented as the rows in Table 1.

We processed the individuals’ answers by adhering to the data cleaning, maximum values for excluding outliers,
and minimum values for the duration of activity from the IPAQ scoring guideline [14]. The guide does not provide
a threshold for converting the “duration reported as weekly (not daily) to daily into an average daily time”. For
example, if a senior individual reported seven hours of vigorous physical activity per day, the duration would likely
reflect one hour per day. We allowed at most 7 hours of physical activity per day in any intensity by dividing all
excessive durations by 7 days.

3.3. Technology-Reported Physical Activity (Fitbit)

We assessed the TechRO behaviours of physical activity and sleep. We derived behaviour variables in two amounts,
absolute and relative, with separate semantics. Absolute variables refer to each behaviour separately. Relative variables
reflect the difference between a behaviour and the (geometric) mean of all behaviours during the 24 hours of the day.
The relative amount was motivated by the interdependence of behaviours during the day [26].

In the absolute amount, we derived the variables directly. For physical activity, we calculated the daily distance
(denoted distance), energy expenditure (energy), step count (steps), sedentary duration (sedentary), and the duration
at three intensities (light, moderate, and vigorous) as reported by Fitbit (7 variables). As Fitbit had not published
intensity thresholds, we also derived the cumulative durations in sedentary and light (sedentary+light), light and fair
(light+fair), and fair and vigorous (fair+vigorous) intensities (3 variables). We also calculated the total daily active
duration (active) cumulating the light, fair, and vigorous durations (1 variable). For sleep, we included the entire sleep
duration of the day (1 variable). We derived 12 TechRO variables in the absolute amount.

In the relative amount, we derived variables denoting compositional components of physical activity intensities and
sleep throughout the day. We derived variables for each component of the centred log-ratio (CLR, [1]) transformation.
The CLR is a symmetric transformation that does not require a reference component behaviour. We computed the
CLRs of two separate compositions: (1) from all physical activity durations (PAC) (4 variables) and (2) from all
physical activity durations and the sleep duration (PASC) (5 variables). We included both relative amounts as the
CLRs of a composition are not preserved in sub-compositions [1], but some studies may not be able to monitor sleep.
We derived 9 TechRO variables in the absolute amount.

We considered valid only those days where the duration covered by wearable monitoring was at least 21 hours. We
allowed at most three hours of missing data for device battery charging and handling (15-20 minutes to 2 hours).

Then we derived intervals with fixed durations of 7, 14, 21, 28, 60, 90, and 120 days to balance the number of
included days in the analysis with the available intraday monitoring quality. The choice of 7 days for the lower bound
was motivated by the need to acquire enough representative data for daily life, the IPAQ recall period of 7 days, and
the significant improvements in Fitbit accuracy for active minutes from 7 days onwards [6]. The choice of increasing
intervals to the upper bound of 120 days reflected the duration of a wave, a large number of valid days per person
(mean 181.1 days), but also the high variance (o = 179.9 days).
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We only included intervals with at least 70% of their days valid, such that both weekdays and weekends were
expectedly present in a week; the limit is compatible with previously reported consumer wearable use in seniors
[8]. For each interval and variable, we aggregated the mean and geometric mean for the daily absolute and relative
amounts, respectively. We included 21 TechRO variables in total, represented as columns in Table 1.

3.4. Statistical Analysis

We aligned in time PROs with TechROs by using the administration date of the PRO answer and the end date of
the TechRO measurement interval, with a leeway of at most the interval duration due to scarce exact matches. For
each participant, we included only the last alignment in a wave, to discard repeated answers within a few minutes and
reduce bias towards overly diligent responders. When we aligned PROs with TechROs of increasing durations, the
number of paired observations decreased; we thus required a minimum of 10 observations.

We applied the Spearman rank test measuring the direction and strength of a correlation [29]. We chose this test
because the PRO and TechRO assessments were interdependent (they referred to the same participant), not all variables
were normally distributed (Shapiro Wilk normality test p < 0.05), and the variables had distinct units of measurement
(making rank correlation appropriate). The 19 X 21 = 399 correlations are depicted in Table 1.

The correlation strength and direction are denoted by a signed real value in the interval [—1, 1], denoted rg. We con-
sidered correlations (rg) to be weak (rg € [0,0.25]), moderate-weak (rs € (0.25,0.45)]), moderate (rg € (0.45,0.55]),
moderate-strong (rs € (0.55,0.75]), or strong (rs € (0.75,1]) in absence of consensus in the literature. For brevity,
we reported only stronger or adjusted correlations. Table 1 depicts the correlations in its cells.

We reported both statistically significant and non-significant correlations. We adjusted the significance following a
partial Bonferroni correction by dividing the significance threshold e by 12, the maximum number of interval-agnostic
TechRO variables in a given amount, and then by 7, the number of interval durations. The small sample size motivated
our choice to balance between no adjustment (@ = 0.05) and full Bonferroni adjustment (e = 0.05 / 19 PRO variables
/ 21 TechRO variables / 7 interval durations). We placed the significant correlations in three levels of increasing
significance: * for p < 0.05 (unadjusted), 1 for p < 0.05 + 12 (adjusted), and 2 for p < 0.05 =+ 12 + 7 (adjusted).
We reported the strength and direction of all correlations regardless of significance. For brevity, we only reported one
correlation per TechRO interval duration in the cells of Table 1. If two correlations differed by the TechRO interval
duration, we chose the one with a higher level of significance and indicated its duration.

4. Results

We included in further analysis 31 out of 42 initial participants who had filled IPAQ PROs (mean age 70.6 +/- 3.2).
The included participants had contributed 53 IPAQ answers (1.71 +/- 0.96 / person) and provided 9836 Fitbit days
(317.3 +/- 256.9 / person) from which 5615 were valid days (181.1 +/- 179.2 / person).

As observed in Table 1, the energy expenditure had adjusted moderate-strong correlations with the work moderate
and vigorous physical activity. The distance had adjusted moderate-strong correlations with the leisure moderate. The
steps had an adjusted moderate-strong correlation with the walking score and the leisure moderate physical activity.

For the absolute physical activity intensities, sedentary duration had negative moderate-strong correlations with
the leisure and work walking. Light physical activity duration had adjusted moderate-strong correlations with domes-
tic and leisure moderate physical activity, as well as the score for moderate physical activity. Cumulative light+fair
duration had a strong adjusted correlation with the score for moderate physical activity (rs = 0.79!). Fair duration
correlated negatively and moderate-strongly with the moderate physical activity score and the domestic moderate
physical activity. Cumulative fair+vigorous duration correlated negatively and moderate-strongly with garden moder-
ate physical activity. The vigorous duration had moderate-strong negative correlations with the domestic and garden
score, and garden moderate physical activity. The total active duration correlated moderately-strongly with leisure and
moderate scores.

For the PAC relative amount, we report an adjusted negative moderate-strong correlation between the sedentary
log-ratio and the work vigorous physical activity as well as unadjusted negative moderate-strong correlations for the
transport and overall scores. Light log-ratio had a strong adjusted correlation with the domestic moderate physical
activity (rg = 0.88') and other moderate-strong correlations in the domestic and garden domain, and the score for
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moderate physical activity. Fair log-ratio had a strong correlation with garden vigorous physical activity (rg = 0.75%)
and moderate-strong correlations with moderate and vigorous physical activity. Vigorous log-ratio had a positive
correlation with the domestic moderate physical activity and the leisure vigorous physical activity.

For the PASC relative amount (including sleep), sedentary log-ratio had negative and moderate-strong correlations
in the work and domestic+garden domains. Light log-ratio had strong correlations with domestic moderate physical
activity (r = 0.84') and the score for moderate physical activity (rs = 0.75"). Fair log-ratio had strong positive
correlations with the work moderate physical activity (rs = 0.79%) and the vigorous score (r¢ = 0.78%). Vigorous
log-ratio had a strong positive correlation with the domestic moderate physical activity (rs = 0.77'), but a negative
moderate-strong correlation with the leisure vigorous physical activity.

We report higher correlations in the following objective-subjective pairs as compared to the other pairs where only
the TechRO intensity changed. In the absolute amount, we found the strongest correlations between (1) cumulative
light+fair duration and moderate physical activity at rs = 0.79', (2) light duration and walking at rs = 0.64! and
moderate physical activity at rg¢ = 0.71', (3) fair duration and vigorous physical activity at rg = 0.44*, (4) cumulative
fair+vigorous and vigorous physical activity at r¢ = 0.43*, (5) vigorous duration and moderate physical activity at
rs = 0.46 (non-significant). In the PAC and PASC relative amounts (1) light CLR correlated the highest with the
moderate physical activity at rs = 0.68* and rg¢ = 0.75%, (2) fair CLR correlated the strongest with the vigorous
physical activity at r¢ = 0.6" and rg = 0.78%, and (3) vigorous CLR correlated the strongest again with the moderate
physical activity at rg = 0.66" and rg = 0.63".

Table 1. Rank correlations (cells) between aligned PROs (rows) and TechROs (columns) of physical activity (Spearman rg )
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Overall score 0.09 0.39'20% 0.48'201 041 0.04 035 0.16  0.0- 003 0.09. 055" 024 058" 052 003 0.1 0.49** 0.03 0.17- 005 03
Cells: correlation strength (script), duration and significance (superscript), and direction (subscript), e.g., 0.66°%! depicts a (negative) Spearman correlation with rg = —0.66 and p < 0.05 + 12 for an interval with 28 days.

Significance: * for p < 0.05; 1 for p < 0.05 + 12; 2 for p < 0.05 + 12 + 7. Colors: orange (weaker correlation) to green (stronger correlation), only for significant correlations.

5. Discussion

The correlations consistently reflected the negative relationship between the objective sedentary duration and the
subjective physical activity across all intensities and domains. The sedentary duration had the strongest negative
correlations with walking physical activity across all domains and scores, e.g., rs = —0.66'. The light duration had
stronger correlations in the domestic and leisure domains when compared to other domains, e.g., rs = 0.72! vs
rs = 0.49. Energy expenditure, distance, and steps had mostly moderate correlations in the work and leisure domains,
and weaker correlations in the domestic domain, e.g., rs = 0.62 vs rg = 0.49!. The correlations indicate that the
seniors engage in physical activity while they are at home or in the garden, but their absolute sedentary time may be
unrelated to such activity. Instead, sedentary duration correlated with decreased physical activity in leisure, transport,
and work settings, e.g., s = —0.66'. Furthermore, energy, distance, and steps did not appear to measure physical
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activity at home accurately; energy correlated more with the work domain, e.g., rs = 0.57% vs rg = 0.44*, while
steps and distance correlated more with the leisure moderate physical activity, e.g., rs = 0.62% vs rg = 0.48!. This
observed difference is consistent with the placement of IPAQ domestic and garden moderate activities in different
scoring intensities.

There were stronger correlations across all objective intensities of physical activity for the domestic and garden
moderate physical activity, also reflected in the score for moderate physical activity, as compared to other domains,
e.g., rs = 0.69" vs r¢ = 0.5*. This observation indicates that seniors perceive most of the moderate activity to take
place around their homes. Objective light duration correlated more with domestic moderate activity, e.g., rs = 0.72!,
while objective fair+vigorous duration correlates more with garden moderate, e.g., rs = —0.69*. However, the range
of objective intensities, e.g., negative correlations, indicates high variability in seniors’ descriptions of domestic and
garden activities at moderate intensity.

The longitudinal analysis of relative intensities of physical activity leads to stronger correlations between objective
and subjective physical activity. In the fair-vigorous intensity spectrum, correlations of absolute intensities are short-
term negative, e.g., rs = —0.69*. However, correlations of relative intensities indicate positive and generally stronger
correlations, e.g., rs = 0.75%. In the PAC relative amount, there are stronger correlations than in the absolute amount
for sedentary, light, and fair durations, e.g., rs = 0.88' vs rg = 0.72'. Objectively monitoring seniors longitudinally
(up to 120 days) increases the strength of the PRO and TechRO relationships, despite the IPAQ recall period of 7 days.

Measuring sleep in PASC relative amount further strengthened the relations overall from the PAC relative amount
in the sedentary to moderate spectrum across all domains, e.g., rs = 0.75* vs r¢ = 0.68". Objectively monitoring
sleep, in conjunction with physical activity, increased the strength of the physical activity correlations.

Within a small sample size, we report an initial calibration between the definitions of physical activity intensities in
TechRO and PRO. In the absolute amount, cumulative light+fair duration and light duration correspond to the mod-
erate physical activity, fair duration corresponds to the vigorous physical activity, and the cumulative fair+vigorous
corresponds to the vigorous physical activity. In the relative amounts, the light ratio corresponds to the moderate
physical activity, and the fair ratio corresponds to the vigorous physical activity.

Several limitations characterize the study. A first limitation is the presence of multiple answers per individual, but
with high variability, for which we only included one answer per wave. A second limitation is a significant decrease
in alignments from the original 53 answers; we allowed for a leeway proportional to the interval duration to allow
PRO and TechRO alignments that are both (1) short-term, but strict, and (2) longitudinal, but permissive. The study
highlights the challenge of retaining individuals (shared by many health studies) that can provide physical activity
outcomes through both questionnaire and wearable. A third limitation refers to the simplicity of the chosen variables
and the analysis method (correlations with partial adjustment), driven by the reduced sample size.

We expect to employ more advanced techniques and obtain more results within statistical significance as we in-
crease the sample size in further studies aimed at calibrating PROs and TechROs for health outcomes and longitudinal
behaviours such as physical activity and sleep in seniors.

Conclusion

We quantified the relationships between physical activity durations reported by the IPAQ questionnaire and the
Fitbit wearable in a sample of seniors. Several methodological approaches yielded increasingly stronger relationships
across all IPAQ domains and Fitbit intensities, facilitating the calibration of physical activity PROs and TechROs. First,
monitoring physical activity longitudinally (beyond the questionnaire recall period). Second, deriving quantifications
of physical activity relative to all behaviours throughout the day (compositional). Third, including sleep even in
studies targeting physical activity. Our results can inform the design of observational studies that monitor and assess
daily life behaviours continuously and longitudinally, and personalized, focused, and effective interventions for senior
individuals’ targeting physical activity to reduce the risk of chronic disease and improve health and Quality of Life.
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Abstract (generated) Behaviours account for 50% health risk and affect life quality
later in life. Numerous studies quantified the relationships between isolated be-
haviours and life quality in clinical cases, short-term, using momentary reported
outcomes or expensive wearables. However, little research studied relations across
multiple behaviours in healthy seniors wearing their own devices long-term (7-120
days). Methods 42 seniors in Spain and Hungary (aged 68.78 +/- 6.30) patient-
reported Quality of Life (EQ-5D-3L) and tech-reported daily life behaviours (Fitbit
Charge 2). We align answers to intervals (7-120 days) by administration date and
end date, within a leeway proportional to the interval duration. We derive patient-
reported variables and tech-reported variables (energy, steps, distance, duration of
sedentary, activity, sleep, and resting heart rate) in absolute and, where relevant,
relative (compositional) quantities. We quantify Spearman associations at alpha =
0.05. N = 31 participants (aged 70.66 4+ 3.15: 21 in Spain and 10 in Hungary) pro-
vided 54 EQ-5D-3L answers (1.72 & 1.12 / person) and 9.150 Fitbit days (295.16 +
247.25 / person). 10 participants reported mild disease. In all participants, distance
and steps associated with mobility (r = 0.71), p < 0.005. Sleep duration inversely
associated with anxiety (-0.57) and pain (-0.52): vigorous duration associated with
health state (0.70): relative light activity associated with health state (0.63), p <
0.005. In healthy participants, absolute sedentary duration associated with a lack of
mobility (0.57) and pain (0.69), and a high resting heart rate associated with poor
health (0.56), p < 0.005. Relative sedentary duration associated with pain (0.62)
and lack of anxiety (0.54) while light relative duration associated with health state
(0.64). Relative sleep duration associated with health state (0.65). In sick partici-
pants, distance and steps associated with mobility (0.71) and lack of anxiety (-0.57),
stronger, less significant, and only over longer periods than absolute quantities.
Conclusions Our method is feasible in associating behaviours and mobility, pain, and
health status for short periods (7-21 days) in a small sample of healthy participants.
Monitoring physical activity log-term (90-120 days) helped better assess mobility,
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anxiety, and health state in sick seniors. Our results provide insights for designs

targeting interventions for seniors.

Keywords observational study, healthy senior, quality of life, statistical correlation,
questionnaire, EQ-5D-3L, consumer-friendly wearable, Fitbit.
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BACKGROUND

e Unhealthy behaviours account for 30-50% health risk and affect Quality of Life.

e Prior studies quantified individual behaviours and life quality in young populations, clinical context, or short-term (1-7
days).

e They used gold-standard, but momentary patient-reported outcomes (PROs) or clinical-grade, but expensive wearable
tech-reported outcomes (TechROs).

o Little research assessed relations across behaviours in healthy seniors wearing their devices long-term (7-120 days).

e We use the coQoL method to co-calibrate PRO Quality of Life (EQ-5D-3L) and TechRO behaviours (Fitbit Charge 2) in

seniors.
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TABLE 1: PARTICIPANTS

ESP HUN

https://isoqol27-isoqol.ipostersessions.com/Default.aspx ?s=F...

ESP HUN

ESP HUN

21 10

Healthy

14 7

Disease 7 3

71 705
70.7 711
3.1 87

Mean
Stdev.

Gender
Female

Education
Primary
Secondary
Highschool
University

Smoking
Yes 5
No 16
Body mass index
Median 247 26.8

30of 10

Alcohol
Never
Monthly
Weekly
Few days

Daily

Mean 26.0 284
Stdev. 47 4.1
Systolic blood pressure
Median 1255 120
Mean 124.4 129.5
Stdev. 155 22.1

ESP = Spain; HUN = Hungary
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METHOD

Study Protocol

e AAL CoME project in Hungary and Spain.
e Seniors received Fitbit Charge 2 in ownership.

e They answered questionnaires in 2018-2019.
Derived Variables

e PRO: mobility, self-care, usual activities, pain/discomfort, anxiety/depression, health.

TechRO (absolute): energy, steps, distance, duration of sedentary, physical activity, sleep, and resting heart rate.
TechRO (relative): centred log-ratios (CLR) of the compositions of sedentary, active, and sleep duration on a day.
Aligned PRO answers with preceding 7-120 days TechRO intervals of Fitbit monitoring.

Co-calibrated by Spearman rank correlations.

o
000
00000
000
o

Fitbit Charge 2
wearable

EQ-5D-3L
validated scale

-

O—>
Senior

¢ Health-Related QoL (PRO)

an

~

_ DK

Interval durations Mobility Self-care Usual Pain / Anxiety /
7,14, 21, 28, 60, 120 days activities Discomfort Depression

Health state

Y
@

Use a leeway between the two dates spanning at most the interval duration.

40of 10

PRO vs TechRO
correlations

- Significance a 0.05*

- Significance a 0.005**

Variables
TechRO

PRO

©

©

Spearman r
210.35

Statistical results

=10.5

9
a

Bivariate pair

—

Align in time by interval end and administration dates

Bivariate set
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RESULTS

Participants (Table 1)

® N =31 seniors, age 70.66 F 3.15.
® 54 EQ-5D-3L answers, 1.72 F 1.12 / person.

® 9.150 Fitbit days, 295.16 F 247.25 / person.

PRO-TechRO Correlations, excerpt (Table 2)

® Healthy: pain / discomfort vs absolute sedentary duration (rg 0.69), mobility vs absolute sedentary duration (-0.57), health state vs heart rate (-0.56).
® Mild disease: mobility vs steps (0.71), distance (0.71), absolute sedentary duration (-0.67); anxiety / depression vs steps (-0.57), distance (-0.62).

® All: pain / discomfort vs relative fair activity (0.69) and sleep (-0.58); health state vs relative light activity duration (0.63) and sleep duration (0.73).
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CONCLUSIONS

® Our method co-calibrated PRO health-related Quality of Life and TechRO behaviours.

e PROs of mobility, pain/discomfort, and health status strongly correlated with TechRO behaviours for short periods (7-21 days).

® PROs of mobility, anxiety/depression, and health status strongly correlated with long-term TechRO physical activity (90-120 days).
® Measuring the entire day (TechRO physical activity and sleep) uncovered correlations invisible otherwise, e.g., health status vs sleep.
® Our results facilitate observational and interventional designs targeting seniors.

® Further studies can plan for larger samples, distinguish between mild diseases, and conduct more advanced analyses.
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TABLE 2: PRO-TECHRO SPEARMAN CORRELATIONS

Table 2\ Mobility (%) Self-care () Usual activities (\) | Pain / discomfort () Anxiety / depression () | Health state () Cell Format
Healthy Disease All Healthy Disease All | Healthy Disease All |Healthy Disease Al Healthy Disease All Healthy Disease All Significant results:

Energy expenditure kilocalorie 025 000 017 025 000 017] 013 045 014 015/ 4% 064 002 011 016  0.03-duration (days)

Distance kilometer 030 000028 - 000 028 005 -0.19 005  -0.18/120%062 026 014 015  0.00|-signiicance

Step count unit 035 000027 -0 000 027/ 002 001 0121204057 021 009 041  -0.02-signed comelation

Resting heart rate beats per minute 016 000 0.14] 016 000 014/ 000 -0.10 7+-038| 008 039  -019/21%-056 -020  -0.20|Non-significant resuts:

Absolute sedentary duration minute 024 000 0.18] 024 000 0.18/60%*0.63] 0.03 60*050 120%053 000 7+0.35 21%-0.37 -0.23 21*0.34|- signed correlation

Absolute light physical activity duration minute 012 000-014] 012 000 014 027 020 -0251204-047  -0.1290%-0.41 14*044 012 014

Absolute fair physical activity duration minute 030 000-028 030 000 -0.28 14%:0.55 000 003 21%052 000  -0.03 21*-046  0.0021*-0.50 Significance

Absolute vigorous physical activity duration | minute 000 000 000 000 000 000 004 000 011 0.15 000 019 7%#050 000

Absolute daily physical activity duration minute 000 000 000 000 000 000 004 000 000 21%054 000 030 021 000 14*-0.56 p<0.05

Absolute sleep duration minute 038 000030 -038 000 030 045  012/60¥-052 7+-043  -0.03 60057 040 006 28+0.44

Relative CLR sedentary duration log ratio of minute 000 000 000 000 000 000[120¥0.62 000 008 21*-0.54 0,00 90%0.59 032 0.00[14%064 p <0.005

Relative CLR light physical activity duration | log ratio of minute 000 000 000 000 000 000 018 000 026  -0.30 000 -0.15[17%064 000 7**0.63

Relative CLR fair physical activity duration |log ratio of minute 000 000 000 000 000 000 012 000[21%069  -0.02 000 023 015  0.00 21*055 Direction

Relative CLR vigorous physical activity duration log ratio of minute 000 000 000 000 000 000 000 000 026 019 000 007 052 000 7%050|\.:

Relative CLR sedentary duration log ratio of minute 0.00 0.00 0.00 0.00 0.00 0.00 120*0.64 0.00 -0.13 -0.01 0.00 0.30 022 0.00 14*0.62 - increasing score

Relative CLR light physical activity duration |log ratio of minute 000 000 000 000 000 000 022 000 030 0.00 000 003 033 000  0.14|-decreasing outcome

Relative CLR fair physical activity duration | log ratio of minute 000 000 000 000 000 000 000 000 002 013 000 042 0.00

Relative CLR vigorous physical activity duration log ratio of minute 000 000 000 000 000 000 019 000 041 025 000 025 053 - increasing score

Relative CLR sleep duration log ratio of minute 000 000 000 000 000 000/ -022  0.00 90%-0.58 038 000 030/ '7%065|  0.00[4%0:73 - increasing outcome

Because of maintenance we will within a few minutes restart our server. We will be back in a moment.

Sorry for the inconvenience!
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ABSTRACT

Aims Behaviours account for 50% health risk and affect life quality later in life. Numerous studies quantified the relationships
between isolated behaviours and life quality in clinical cases, short-term, using momentary reported outcomes or expensive
wearables. However, little research studied relations across multiple behaviours in healthy seniors wearing their own devices
long-term (7-120 days). Methods 42 seniors in Spain and Hungary (aged 68.78 +/- 6.30) patient-reported Quality of Life
(EQ-5D-3L) and tech-reported daily life behaviours (Fitbit Charge 2). We align answers to intervals (7-120 days) by
administration date and end date, within a leeway proportional to the interval. duration We derive patient-reported variables and
tech-reported variables (energy, steps, distance, duration of sedentary, activity, sleep, and resting heart rate) in absolute and,
where relevant, relative (compositional) quantities. We quantify Spearman associations at alpha = 0.05. Results N =31
participants (aged 70.66 +/- 3.15: 21 in Spain and 10 in Hungary) provided 54 EQ-5D-3L answers (1.72 +/- 1.12 / person) and
9.150 Fitbit days (295.16 +/- 247.25 / person). 10 participants reported mild disease. In all participants, distance and steps
associated with mobility (r=0.71), p < 0.005. Sleep duration inversely associated with anxiety (-0.57) and pain (-0.52): vigorous
duration associated with health state (0.70): relative light activity associated with health state (0.63), p < 0.005. In healthy
participants, absolute sedentary duration associated with a lack of mobility (0.57) and pain (0.69), and a high resting heart rate
associated with poor health (0.56), p < 0.005. Relative sedentary duration associated with pain (0.62) and lack of anxiety (0.54)
while light relative duration associated with health state (0.64). Relative sleep duration associated with health state (0.65). In sick
participants, distance and steps associated with mobility (0.71) and lack of anxiety (-0.57), stronger, less significant, and only
over longer periods than absolute quantities. Conclusions Our method is feasible in associating behaviours and mobility, pain,
and health status for short periods (7-21 days) in a small sample of healthy participants. Monitoring physical activity log-term
(90-120 days) helped better assess mobility, anxiety, and health state in sick seniors. Our results provide insights for designs
targeting interventions for seniors.
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Abstract

Energy and fatigue carry important implications for vitality and overall quality of life. Lacking
energy and experiencing fatigue can be both burdensome as well as adaptive. This chapter first
classifies energy and fatigue and then reviews their measurement. This chapter closes with
opportunities for future directions.

Energy and fatigue are present under varying conditions including in daily performance, during
and after acute physical or mental strain (capacity), and in the context of chronic conditions.
Energy and fatigue have been measured both subjectively and objectively. Subjective outcomes
can be derived from self-reported scales and prompts; objective outcomes derived from
performance and capacity tasks and technology-reported physiological, biological, and
behavioural markers. The scales and tasks employed to measure energy have been traditionally
validated but may lack daily life context and ecological validity. Prompts and behavioural
monitoring methods are emerging as promising alternatives.

Energy and fatigue have also been routinely monitored for specific diseases and occupations.
However, fewer studies monitor healthy individuals through consumer technology in daily life

contexts. More research is needed for an objective, unobtrusive, longitudinal, and contextual

measurement of energy and fatigue in the healthy general population, in service of improving
health, wellbeing, and quality of life.
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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 pathological levels that include disrupted sleep,
restlessness and agitation, or even mania [2]. Although lacking energy can be burdensome and
uncomfortable, it is simultaneously 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]. Fatigue is both a
normative experience as well as associated with many chronic illnesses and psychiatric
disorders. 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 subjective sensation (perceived
fatigue) as well as the objective and quantifiable change in 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 (neurological) 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 productivity 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 numerous scales that measure fatigue, there is no agreed-upon
standard of which to compare subjective reports of fatigue [15], [16].

The use of technology to monitor and manage energy and fatigue has been investigated 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,
professional athletes, shift workers) settings to prevent negative effects (e.g., burnout,



exhaustion, 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 measurement. 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”, “dementia”, “heart”), and (3) the measurement (e.g.,
“accelerometer”, “electrocardiogram”, “wearable”). One example search phrase was “galvanic
energy fatigue tiredness vitality”. We also reviewed the relevant references of the identified
literature. Table 1 reviews the domains, search terms (selective), and the rationale for choosing

the domain.

Table 1. Domains of energy and fatigue literature review

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,
fatigue in healthy individuals pilot, police, shift, sport,
often focus on a specific worker, 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,
outcomes delineated by specific circulation, dementia, heart,
elements of human physiology | kidney, mental, pulmonary,
or pathology: organs, systems, | respiration

processes, and diseases. In
addition, such elements can be
further delineated by the




population segment under
study.

Measurement | Optional Methodological measurements | accelerometer, app,

using technology can be application, camera, band,

described by the procedure, ecological momentary

device, sensor, process, or assessment, performance,

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

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 literature review is depicted in Figure 1.

Energy and Fatigue Classification

Fatigue
|
| |
Pathological Non-Pathological
| |
| | | |
Physical Mental Physical Mental
[
| |
Neurological Non-neurological
| | |
Central Cognitive Central Cognitive
Peripheral Affective Peripheral Affective

Figure 1. Taxonomy of fatigue with pathological and non-pathological types.




Modified from Chaudhuri & Behan [9], Finsterer & Mahjoub [7], Glaus [26], Kluger, Krupp, &
Enoka [8], and Mollayeva et al. [10].

Pathological Fatigue

Pathological fatigue is prolonged or chronic (>6 months), can be highly debilitating, and is much
less common than normal 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.

Mechanisms of peripheral fatigue are usually attributable to a neuronal or muscular origin.
Peripheral fatigue results from a lack of response in the neuromuscular system after central
stimulation [27]. Peripheral fatigue is characterized by the failure to sustain the force of muscle
contraction [9]. Pathological peripheral fatigue is found in neuromuscular disorder,
rhabdomyolysis, muscle ischemia, restless legs 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 diseases 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, hypopituitarism,
and hypothyroidism), renal disease (insufficiency and dialysis), lung disease (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, antispasmodics, antiepileptic drugs,
neuroleptics, and narcotics [7].

Mental Fatigue

Mental fatigue in the pathological domain includes cognitive and affective (psychological/
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 influenced 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].

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 opportunity costs of current activities,
and of the attraction of neglected needs and alternative goals [39]. Fatigue in healthy individuals
is a universal experience and a natural occurrence after physical or mental efforts, usually
relieved by rest. Research has examined 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 individuals identified a physical sensation of fatigue and 24% identified a mental
sensation 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 during 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 leading 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 mental 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 perception of feeling
cognitively fatigued after performing demanding cognitive activities that involve concentration,
attention, endurance, or alertness [49]. In the 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 lethargy [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, psychological 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 iliness.
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 [143]. Subjective
measures include scales and prompts for assessment while objective measures include
performance and capacity tasks (physical and cognitive), physiological measurements (cardiac,
ocular, neural), and markers (biological and behavioural).

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 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.

Table 2. Scale instruments routinely used to measure energy and fatigue.

Instrument Recall Measures Administration | Usage
period

Fatigue Usually Unidimensional; 10 items, 5-level | Pathologic and




Assessment Scale | (“refer to fatigue severity Likert scale non-pathological

(FAS) [69] how you (developed for
usually chronic fatigue)
feel”)

Functional Past week Unidimensional; 13 items, 5-level | Pathologic (people

Assessment of general fatigue Likert scale with various

Chronic lliness chronic illnesses,

Therapy (FACIT-F) including cancer)

Fatigue Subscale

[70]

Fatigue Impact Past month, | Multidimensional; 40 items, 5-level | Pathologic

Scale (FIS) [71]

present time

physical, cognitive,
and psychosocial
functioning, total
fatigue

Likert scale

(developed for
infectious disease
patients)

Fatigue Past month | Multidimensional; 11 items, 4-level [ Pathologic and
Questionnaire / physical, mental, Likert scale non-pathological
Fatigue Scale (FQ total, substantial, (developed for use
I FS) [72] transient, and in hospital and
chronic fatigue community
populations)
The Fatigue Past week Unidimensional, 9 items, 7-level Pathologic and
Severity Scale fatigue severity Likert scale non-pathological
(FSS) [73] (developed for
patients with
Multiple Sclerosis
or systemic lupus
erythematosus)
Multidimensional Past week Multidimensional; 16 items, Pathologic and
Assessment of degree, severity, 4-10-level Likert | non-pathological
Fatigue (MAF) [74] distress, and impact | scales (developed for
of fatigue patients with
rheumatoid
arthritis)
The Lately Multidimensional; 20 items, 7-level | Pathologic and
Multidimensional (“refer to physical, mental, and | Likert scale non-pathological
Fatigue Inventory | how you general fatigue; (used in
(MF1) [75] have been reduced activity and chronically unwell
feeling motivation and well
lately”) populations)
Medical Outcomes | Past month | Multidimensional; 4 items, 3-6-level | Pathologic and




Study Short Form physical, cognitive, Likert scales and | non-pathological

(SF-36) Energy social, and emotional | yes/no (developed to
and Fatigue functioning measure the
subscale [76] health status of

individuals living in
the community)

Patient-Reported Past week Multidimensional; Up to 95 items, Pathologic and
Outcomes physical, mental, 5-level Likert non-pathological
Measurement general, emotional, scale (can reliably
Information total, substantial, estimate fatigue
System transient, chronic reported by the
(PROMIS), fatigue; reduced U.S. general
Fatigue short form activity and population)
or computerized motivation; physical,
adaptive test [77] cognitive,

psychosocial, social,

emotional

functioning; energy

Profile of Mood Past week, Multidimensional; 65 items, 5-level | Non-pathological
States (POMS), present time | physical and mental | Likert scale (adult version and
Fatigue and Vigour fatigue; energy adolescent
subscales [78] version)
Visual Analog Present Bidimensional, 18 items, visual Pathologic and
Scale to Evaluate | time: “right | energy and fatigue analogue non-pathological
Fatigue Severity now” (validated with
(VAS-F) [79] adults aged 18-55
years)

Considerations in choosing a particular scale include recall period, unidimensionality 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], [80]. FQ, FSS, and MAF
have been employed to assess workplace-related fatigue [81], [82]. POMS has been used to
assess fatigue in bus drivers [83] 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 [84],
[85], cardiovascular disease [86], [87], chronic obstructive pulmonary disease [88], diabetes
[89], fibromyalgia [90], hearing loss [16], inflammatory bowel disease [91]-[93], lupus [94], major




depressive disorder [95], multiple sclerosis [96]-[98], psoriasis [99], pulmonary arterial
hypertension [100], renal disease [101], rheumatic disease [102], [103], sleep apnea [104],
stroke [105], [106], and traumatic brain injury [10].

Smartphone collection of self-reported energy and fatigue data has been utilized in the context
of multiple sclerosis [107], cancer-related fatigue [108], and bipolar disorder [109]. Smartphone
data collection often incorporates validated scales. For example, a mobile phone application to
collect data on self-reported fatigue for multiple sclerosis [107] 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 perform in situ data collection for
behavioural medicine [110]. The Experience Sampling Method (ESM) aims to assess participant
thoughts, behaviours, and feelings during daily life by collecting self-reports, triggered at various
moments during the day [111]. The two terms (EMA and ESM) are used interchangeably, and in
practice, they are measured using the same methods [112].

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 relationship between women’s passion for
physical activity and vitality was examined using SF-36 scale [113]. Researchers have also
employed POMS scale to examine occupational energy management strategies by hourly diary
questions in academic workers [114]. A separate study examined the effects of breaks on
regaining vitality in the workplace using an activation—deactivation adjective checklist [115].
Additionally, EMA/ESM assessment of energy/fatigue has been applied to disease populations
including osteoarthritis ([116] researchers used SF-36 scale), kidney disease ([45] researchers
used Daytime Insomnia Symptom Scale), and cancer ([117] 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 diseases. For cancer
and its treatment, fatigue is one of the most common and distressing side effects.
Cancer-related fatigue causes disruption in all aspects of Quality of Life and may be a risk factor
for reduced survival [118]. A mobile phone-based, symptom management system can assist in
the management of chemotherapy-related toxicity in patients with breast, lung and colorectal
cancer [108]. This system prompts patients to complete an electronic symptom questionnaire on
their mobile phone twice a day. A systematic review of mobile apps for bipolar disorder [109]
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 comparing performance
before and immediately after a prolonged performance of a separate fatigue-inducing task [8]. In
pathological cases, individuals may experience fatigue even in mundane situations, such as
daily activities [119]. 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 [120] provides a classification of procedures for cognitive fatigue,
however, we argue that these same approaches pertain to physical fatigue as well. The indirect
approach consists in the assessment of cognitive ability before and after a prolonged period of
time during which effort may vary. The direct approach consists in 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 accumulation,
but the tasks may vary. One example is vigilance tasks, where participants are required to
maintain attention for target events while ignoring other stimuli [121], [122].

There is a distinction between capacity (describing a person’s ability to execute a task in a
standardized, optimized, or controlled environment), capability (describing what a person can do
in their daily environment), and performance (describing what a person actually does in their
daily environment) [123]. Capacity is the composite of all the physical and mental capacities that
an individual can draw on and performance is what individuals do in their current environment,
including their involvement in life situations [124]. 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 processes (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 output include the peak power output. Momentary
exercises leading to the assessment of these measures include aerobic and resistance training
[97]. Example exercises routinely used, e.g., in professional sports players include various jump
protocols, including squat and countermovement jumps, which can lead to indirect assessments
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 measuring 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) [97], muscular oxygen consumption (mVO,), or
electromyography (EMG).

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)
[125], the Timed 25-Foot Walk [126], and the Timed Up & Go [127].

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 [97], and transcranial magnetic
stimulation [7]. Figures 2 and 3 respectively depict hardware and tasks used to measure
physical performance.

Figure 2. Hardware for physical performance: ergometer (Monark), treadmill (LifeFitness).



Figure 3. Tasks to measure physical performance: audio reaction timer (American Educational
Products), visual reaction screen (Cambridge Cogpnition).

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, [128], physical fatigue during a sit-to-stand physical test
by using EMG and accelerometer (Samsung) in the lab [129], or PhysioLab, a physiological
computing toolbox measuring multiple signals (ECG, EMG, and EDA) to study cardiorespiratory
fithness in elderly populations [130], 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 [131], the differences in motor fatigue between patients with stroke and
patients with multiple sclerosis by using self-reported SF-36 and 6MWT [132], physical fatigue in
lumbar disc herniation by using EMG [133].

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) [134], or the fatigue monitoring system
(FAMOS) which can monitor physiological parameters from multiple sclerosis patients and
controls, all pathological.

Cognitive Assessment

In the cognitive domain, fatigue leads to the degradation of cognitive performance [121], as
reflected by degradations in verbal, visual, short, and long-term memory, processing speed,
primary and divided attention, verbal fluency, motor speed, reading 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 3 reviews several task-based tests yielding
cognitive performance-reported outcomes [12]. Figure 4 depicts a few tasks measuring
cognitive performance.



Table 3. Tasks and measures of cognitive performance

Task Measures Administration Usage
Mini-Mental State | Orientation, short-term 16 complex items: Elders,
Examination memory registration, qualitative and quantitative potentially
(MMSE) [135] attention, calculation, recall, | questions pathologic

language, and task
reproduction

Trail Making Test

Visual search, scanning,

Two items: the participant

Non-pathological

(TMT) [136] processing speed, mental connects circles denoted by
flexibility, and executive numbers and letters in
functions. ascending order
Selective Verbal memory One item: the participant Non-pathological
Reminding Test recalls as many as possible
(SRT) [137] of 12 dictated unrelated
words
Spatial Recall Visuospatial learning, the One item: the participant Pathologic,
Test (SPART) susceptibility of such recalls as many as possible | multiple
[138], [139] learning to proactive and of 10 checkers on a sclerosis
retroactive interference, and | 36-checkers square board
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 leading | has 90 seconds to pair cerebral
(SDMT) [140] to neurological impairment specific numbers with given | dysfunction
geometric figures.
Paced Auditory Rate of information Multiple items: the Pathologic,
Serial Addition processing after recovering | participant hears a series of | multiple
Test (PASAT) from trauma digits, one every 3 seconds, | sclerosis
[141] and reports the sum of the
last two digits.
Word List Neuropsychological One item: the participant Pathologic,
Generation (WLG) | measures of verbal fluency | generates words from a dementia,
[142] restricted category (e.g., multiple
starting with S or denoting sclerosis

animals) in 60 seconds.

Rey Auditory
Verbal Learning
Test (RAVLT)

Recent memory, verbal
learning, susceptibility to
interference, and retention

Multiple items: 15 nouns
read aloud each second for
5 consecutive trials followed

Non-pathological




[143]

of information after a certain
period of time during which
other activities are
performed

by participant recall.

Simple Reaction
Time Task
(SRTT) [144]

Relationships between the
deceleration of heart rate
observed to anticipate both
aversive and non-aversive
stimuli, and several aspects
of the somatic-motor

One item: A square is
shown on screen at different
intervals. The participant
selects a button to react to
seeing the square.

Non-pathological

activity.
Psychomotor Impact of loss of sleep Multiple items: ranging up to | Non-pathological
Vigilance Task sustained wakefulness, 10 minutes, similar to the
(PVT) [23] and/or time of day on SRTT.

neurobehavioral

performance
Brief Repeatable | Selective short-term Multiple tests: selective Pathologic,
Battery of memory, spatial recall, reminding test (SRT), spatial | multiple
Neuropsychologic | symbol digit modalities, recall test (SPART), symbol | sclerosis

al Tests [145]

paced auditory serial
addition, and word list
generation; first used for
multiple sclerosis

digits modalities test
(SDMT), paced auditory
serial addition test (PASAT),
delayed recall of the SRT,
delayed recall of the
SPART, and word list
generation (WLG).

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].




® ®
N - ) L] &
QS/ \@2\)
(20) () -
\20) 19)
® ® . »
L =
N
® °
FoN
(5
43 2/ @
- 0 ® ®
G;\ - Ny
N Ty
W)
® ®
D N~ e
&) @ \/\ (\3)
() @ o
» @ @ ®
© Q)

Figure 4. Tasks to measure cognitive performance: trail making test, spatial recall test.

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
application for the evaluation of cognitive fatigue, which can be used daily to track cognitive
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 associated with fatigue [16]. Elevated HRV was
observed during strenuous tasks in individuals 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
alteration, however recent studies showed inconclusive results [24]. A more detailed measure 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 5 depicts an
electrocardiograph and electrode placement on the body.



Figure 5. Electrocardiography: electrocardiograph (Edan), electrode placement (Philips).

Studies using the ECG to assess fatigue in a non-pathological, occupational context include
airline crew [158], surgeons [159] or 3D TV watchers [160]. 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 doctors [161].

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 professionals. Medical interns were given
Holter recorders throughout the day, measuring HR and HRYV, in conjunction with resting ECG
to assess fatigue [162]. Surgeon HRV (using EEG) was assessed in robot-assisted versus
conventional cholecystectomy [163]. Drivers were assessed while driving, through an ECG
device mounted on the steering wheel [164]. Another study assessed the impact of
electroacupuncture on fatigue and Quality of Life using subjective SF-36 and objective HRV
using ECG (SphygmoCor) [165]. A method aimed at estimating the perception of physical
fatigue by predicting heart rate through smartphones has been proposed by estimating 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 [166] due to monotony or sleep deprivation. Ocular physiology measures used for
assessing fatigue include the spontaneous eye blink [167], pupil diameter [168], oscillations in
pupil diameter (fatigue waves) [169], [170]. Another method used to detect fatigue is the
electrooculogram (EOG), an electrophysiological 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 questionnaires (on PDAs), actigraphy



(Actiwatch), and EOG (Natus, then Embla) during a saccade task [171] 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].

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 driving conditions inside and outside the
car [172]. 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
drowsiness 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 comfortable measurement
[173].

Neural Physiology

Neural electrophysiological measures used to assess fatigue include the electroencephalogram
(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 [174]. This type of objective measure focuses on cognitive performance, described in a
preceding section, by requiring 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 [175], [176], as well as EEG on occupational fatigue, e.g.,
drivers [177], [178], and surgeons while conducting a demanding task. For surgeons, Kahol
[179] studied the impact of fatigue in surgical residents, which used a demanding task and
measurement by EEG using a B-Alert device while Guru [180] assessed cognitive performance
during robot-assisted surgery by EEG using a B-Alert device. Other studies which used
electrophysiological measures in conjunction with other methods are elaborated on in the
objective measures 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 [181], [182]; cortisol, an indirect marker of fatigue
through stress level and energy expenditure associated with fatigue [183]; salivary
alpha-amylase (sAA) associated with surrogate markers of nervous system activity [184] and
task engagement/disengagement [185], with variable degrees of success; and melatonin
following circadian patterns and disrupted in individuals with chronic disease and recurrent
fatigue [186], used for sleep-related fatigue. In elite athletes, creatine kinase (CK), C-reactive



protein (CRP), uric acid, testosterone, salivary immunoglobulin (S-IgA) were used as indirect
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 [187].

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 presence in the research lab for the
procedure. Figures 6 and 7 depict several research-grade 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 duration, e.g., weeks to years) in time.

Sleep can be assessed using polysomnography and actigraphy. Polysomnography (PSG) [188]
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 movement (REM)) and waking states (e.g., awake, asleep). Actigraphy [189] 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 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.
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Figure 6. Research-grade wearables: Accusplit Pedometer AX2720MV (Accusplit), ActiGraph
GT9X Link (ActiGraph), Actiwatch Spectrum Plus (Philips), ActTrust 2 (Condor Instruments),
Embletta MPR Sleep System (Natus), Sensewear Bodymedia Fit (Sensewear).

More recent consumer wearable monitors, in the form of wristbands, smartwatches, sleep
mattresses, or finger rings from manufacturers such as Fitbit®, Oura®, and Withings® [190]
monitor sleep continuously by using a combination of movement, measured by a triaxial
accelerometer, and HR/HRV, measured by photoplethysmography (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 (classified as, e.g., sedentary, low, moderate, and vigorous), type (using activity class
recognition), effort (in metabolic equivalent of tasks (METs)), distance, elevation, step count,
workouts, and other measures derived from the continuous multivariate data obtained from
triaxial accelerometer and gyroscope sensors inside the device.
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Figure 7. Consumer wearables: Apple Watch Series 5 (Apple), Fitbit Versa 2 (Fitbit), Garmin
Fénix 6 (Garmin), Huawei Watch GT 2 (Huawei), Oura Ring (Oura), Polar Ignite (Polar),
Samsung Galaxy Active 2 (Samsung), Withings Steel HR (Withings), Fitbit Charge 4 (Fitbit),
Garmin Vivosmart 4 (Garmin), Samsung Galaxy Fit (Samsung), Withings Pulse HR (Withings).

Studies assessing non-pathologic fatigue, sleep, and physical activity have been performed in
segments of the general population and for several occupations, usually by combining
subjective and objective measurements. In segments of the general 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 [191] assessed the role of fatigue and
sleepiness in drivers with obstructive sleep apnea by using subjective SF-36 and objective PSG.
De Araujo Fernandes Jr. [192] quantified the impact of shift work on train drivers by using PVT
and actigraphy (Actiwatch). Fernandes-Junior [192] assessed sleep, fatigue, and Quality of Life
in night shift workers using subjective scale and actigraphy (Actiwatch). Towards the pathologic
type of fatigue, Campbell [193] assessed fatigue and sleep in individuals having unexplained
chronic fatigue by using subjective scales and objective PSG; Maher [194] quantified the
relationships between fatigue, physical activity, and socio-demographic characteristics in
children and adolescents with physical disabilities by using objective physical activity
measurement using an accelerometer (Actigraph).

Numerous other studies have assessed pathologic fatigue in the context of a specific disease
using PSG or actigraphy. Attarian [195], Kaynak [196], Veauthier [197], and Kaminska [198]
studied relationships between sleep and fatigue in multiple sclerosis patients. Keefer (2006) and
Shitrit [199] assessed sleep and fatigue in inflammatory bowel disease. Merikangas [187] used



a combination of EMA and actigraphy to assess energy, mood, and activity in individuals with
depressive disorders. Sun [200] 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 [201] assessed sleep, fatigue, and circadian activity in women
with breast cancer by using subjective scale and objective circadian rhythms using actigraphy
(Actiwatch). Holliday [202] assessed fatigue and sleep quality in prostate cancer patients by
using a subjective scale of Quality of Life and actigraphy (Actiwatch). Cambras [203] studied
circadian rhythm in patients of encephalomyelitis using actigraphy (ActTrust). Nicklas [204]
assessed physical activity behaviours (using accelerometers) and fatigue (using SF-36) in
adults of middle and old age with chronic inflammations. Nilsson [205] studied intensity levels of
physical activity and fatigue in cancer patients by using an accelerometer (SenseWear).
Vancampfort [206] 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 [207] assessed 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 wearable to assess wearable-measured sleep and physical activity in
a pathologic context. Qazi [208] studied fatigue in patients with inflammatory bowel disease by
using a Fitbit Charge HR. Sofia et al. [209] used the same wearable to associate sleep
fragmentation with individuals having clinically active disease. Abbott [210] 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 [173] estimated mental
fatigue based on EEG (Neuroscan) and HRV from ECG while performing an arithmetic task
using a personal computer, Ren [211] studied various degrees of mental fatigue by using
multiple types of measurements: EEG, ECG as well as galvanic skin response (GSR), Smith
[212] quantified the effects on cognitive tasks on mental fatigue indicators, using PVT and other
two tasks and assessing fatigue through subjective VAS and objective HRV from EEG, and
Brown [213] 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-pathologic physical fatigue, Kanitz [214] assessed the impact on eurythmy
therapy on fatigue by using subjective MFI and objective HRV by ECG. For occupational
fatigue, Smolders [215] 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 [216] studied fatigue in shift nurses by measuring objective HRV
from ECG, and subjective EMA using VAS, and Singh [217] assessed the technical
performance of surgeons when using robotic surgery where the task was a suture under time
pressure, measured with a subjective surgical task scale and objective HR, and objective
functional near-infrared spectroscopy (fNIRS).

In the area of pathological fatigue, Dishman [218] studied the effects of cycling exercise on
fatigue among young adults who report persistent fatigue using incremental 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).

Property Spectrums of Energy and Fatigue Measures

The findings from our literature review classify the energy and fatigue measurements 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). We place each such measurement on
spectrums for the following properties:

1. Validated: fatigue outcome reliability assessed by statistical analysis on the target
population and scientific publication.

2. Quantifiable: fatigue outcomes interval or ratio at a minute or higher precision.

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

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

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

6. Mood-free: bias-free from the voluntary or involuntary perception of self.

7. Memory-free: bias-free from the remembrance of the past; prompts allow for long-term
memory loss.

8. 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.

9. Contextual: collected from settings daily life; research devices can be borrowed to the
participant for a short time to wear in daily life context.

g

Table 4. Fatigue measurements and spectrums of characteristics from the literature review

Measurement Subjective Objective

Location Both office Daily life Office Both office Daily life
and daily life and daily life




Reporting Self-reported Perf-reported | Tech-reported
Administration | Scales Prompts, Task Research Consumer
e.g., EMA | hardware 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
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 measurement 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.



Subijective 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 irregular [219]. 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 further research [15]. Incorporating a real-time collection of fatigue data in naturalistic
settings may reduce problems associated with retrospective recall of events, summarization of
events, and artificial contexts or settings [117].

Objective measures obtained by tech-reported outcomes can be collected continuously 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 manage 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 performance, conserving and managing
energy levels, and maintaining health.

Energy and fatigue are of great importance to diseased individuals. The connection between
pathological fatigue and disease is well established in the literature. Fatigue frequently
foreshadows conditions like multiple sclerosis [220], cancer [28], and HIV infection [221], among
other diseases. Furthermore, fatigue, as well as increased energy, has been identified as a core
symptom of mental health disorders including depressive disorders and bipolar disorders.
Current literature on energy and fatigue is biased towards pathological, rather than healthy,
populations.

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 [164]. The literature aims
to gain an understanding of health, safety, occupational functioning, burnout, performance, and
capacity. More efforts could be put toward studying healthy general populations, as in addition
to affecting an individual’'s quality of life, fatigue impacts the economy because of the connection
to productivity and iliness.

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 [187]. Quality of Life Technologies (QoLT) refers to
technologies for assessment or improvement of the individual's quality of life [222]. Optimal
measurement of energy and fatigue would be moved out of the lab and into the real world, being
continuous rather than infrequent, 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 [223]. 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 16th century [224]. State of the art energy and
fatigue assessment 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, memory, and expectations.
Wearable measurements also contain limitations related to the population that uses wearables.
Specifically, device owners are more likely to be young individuals with disposable incomes who
already lead healthy lifestyles and want to quantify their progress [225]. 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 [166]. There are several 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 complicated and cannot be whittled down to a single biological measure.
Therefore, both subjective 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 [222], has promising likelihood. The mass adoption of
miniaturized devices in daily life (with large scale and diversity in personal and contextual
characteristics of the data), the availability of relevant 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 [226]. Adoption of wearables is increasing;
21% of Americans own a wearable [227], there are more than 200 models of wearables® and
the market is expected to continue to increase by 2022 [228] towards available objective
behavioural data at scale. Open health platforms are being employed to facilitate scalable
participation and manage subjective, objective, and mixed data [229].

Co-calibrations of (1) subjective validated scales of energy and fatigue and (2) objective
measures of daily life behaviours may rigorously validate objective measures of energy and
fatigue and meet the aim of assessing energy and fatigue using QoL T. For example, a study
aiming to co-calibrate subjective scales and objective behaviours for occupational fatigue may
collect multiple behavioural markers passively and continuously (e.g., physical activity, sleep,
heart rate) from tens to hundreds 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 longitudinally in time.
Within a smaller sample size, a purely statistical approach would allow for the assessment of
validity (e.g., by correlating the corresponding subjective 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, continuous
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
accumulate occupational fatigue in two weeks”), and compensate for the losses induced by

¢ https://www.inkin.com/wearables/




fatigue (“you need to take a break of one week to restore your productivity from three months
ago and compensate for the loss”).

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 QoL T 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” [230]. Specifically, such an assessment 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” [230] will be enabled by quantifying
the relationships between energy, fatigue, behaviours, health, and Quality of Life outcomes. 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” [230] 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. The third vision, individualized experiences where “digital life will be
tailored to each user” [230] will be enabled by interventions leveraging large scale data,
accurate 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 functioning. 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.

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 objective 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 measurement 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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B.3 Mobile Apps Comparison

This part contains a table that highlights similar paragraphs from the descriptions of
the mQol design [33], Apple app [31], and Google app [34].
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