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Summary

Physical activity has far-reaching health benefits and contributes to the prevention of noncom-
municable diseases like cardiovascular disease, cancer, and diabetes. Today's level of physical
activity; however, is below the recommendations of e.g. the World Health Organization for all
age groups. This amount of physical inactivity (i.e. not meeting physical activity guidelines)
contributes to the rising cases of noncommunicable diseases and is responsible for over 7% of
all-cause deaths along with a huge economic toll on the society. Recently, the COVID-19 crisis
aggravated matters as many opportunities to be physically active were limited and sports clubs
were temporarily closed. Today, effective interventions with a large reach are required to fa-
cilitate health behavior change towards more physical activity in the population. Here, even
minor changes towards a more physically active lifestyle e.g. going for a daily ten-minute walk

or interrupting prolonged physical inactivity can accumulate valuable health benefits over time.

There are a variety of evidence-based interventions for different settings which range from
individual or group-based face-to-face interventions to digital interventions. While the former
is well established in today's physical activity promotion, especially for rehabilitation, the latter
is especially promising to promote physical activity on a broad scale due to the availability,
fast-evolving technological progress, and ease of use of digital devices in modern society. Dig-
ital interventions for health behavior change can be delivered on desktop personal computers
(e.g. via DVD), over the internet (e.g. on websites), or on mobile devices (e.g. via text message
or mobile application). As nearly every household worldwide has access to and experience with
at least one of those devices, the potential reach and cost-efficiency of such interventions are
promising. Here, the use of information and communication technologies for health, in general,
is defined as electronic health while every health practice supported by mobile devices is de-
fined as mobile health. Recently, technological advances lead to the development of smaller,
more convenient, and accurate devices to continuously measure physical activity (e.g. energy
expenditure, step count, and classification of physical exertion), physiological (e.g. heart rate,
blood sugar, and cortisol), and report psychological (e.g. valence, energetic arousal, and calm-
ness) parameters. This opens up new perspectives using multilevel modeling in longitudinal
designs to distinguish between within- and between-person effects and allows for a higher
grade of individualization of interventions. One intervention type which greatly benefits from
these continuous measurements and the technological advances is just-in-time adaptive inter-

ventions. These interventions aim to deliver interventional content (e.g. motivation to be



Summary

physically active) during the most promising time for the desired health behavior (i.e. physical
activity) or during the most vulnerable time for unhealthy behavior (i.e. inactivity) and aim to
maximize the usefulness of the intervention while minimizing participant burden. To do so,
they rely on high-resolution data to depict opportune moments to deliver the intervention con-
tent. Recent progress with machine learning processes also benefits just-in-time adaptive inter-
ventions by offering sophisticated decision-making algorithms which can be guided by partic-

ipants' behavior and preferences.

Previous studies on electronic and mobile interventions found heterogenic results for the
effectiveness of digital health interventions for physical activity promotion. Here, evidence-
and theory-based interventions which are guided by behavior change techniques (e.g. goal-
setting or demonstration of behavior) were associated with higher intervention effectiveness.
Furthermore, including the social context (e.g. peers, school, work, or family) in the interven-
tions can be beneficial but it is important to distinguish between e.g. collaborative vs compet-
itive settings based on participants' preferences. Finally, a high degree of individualization de-
livered by e.g. just-in-time adaptive interventions can enhance the effectiveness of mobile
health interventions. However, the importance of the different interventional and contextual
facets along with additional influences on the evaluation of the effectiveness remains unclear
in the fast-developing field of electronic and mobile health behavior change interventions for

children, adolescents, and adults.

To help close the gap between technological advances and the state of the research in elec-
tronic and mobile health interventions for physical activity promotion, this thesis aimed to 1)
provide an overview of the effectiveness of electronic and mobile health interventions regard-
ing physical activity promotion and 2) delve into important considerations and research gaps
depicted by the overview (i.e. the choice of a measurement tool for physical activity and just-

in-time adaptive interventions).

In our first paper, we conducted an umbrella review to summarize the evidence on the over-
all effectiveness of electronic and mobile health interventions along with the association of the
key facets of theoretical foundation, behavior change techniques, social context, and just-in-
time adaptive interventions with effectiveness. Derived from the eleven included reviews (182
original studies) we found significant benefits in favor of the intervention group (vs. control or
over time) in the majority of interventions (59%). Here, the use of theoretical foundations and
behavior change techniques were associated with higher effectiveness, the social context was
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often reported but not evaluated and just-in-time adaptive interventions were not included in
any of the studies. One frequently reported shortcoming was the difficulty do compare self-
reported and device-based measured results between studies. These findings suggest the poten-
tial effectiveness of digital interventions which is very likely facilitated by the key facets.
Moreover, these findings helped us to determine promising but understudied facets of inter-
vention effectiveness (i.e. just-in-time adaptive interventions) and depict frequently reported
methodological issues (i.e. comparability of different measurement tools) which we could ad-

dress within our thesis.

In our second paper, we explored the reliability, comparability, and stability of self-reported
(i.e. questionnaire and physical activity diary) vs. device-based measured physical activity (i.e.
analyzed using 10-second and 60-second epochs) in adults and children. We included two in-
dependent measurement weeks from 32 adults and 32 children in the control group of the
SMARTFAMILY trial to investigate if the differences between measurement tools were sys-
tematic over time. Here, participants wore an accelerometer on the right hip during daily life
and completed a daily physical activity diary for seven consecutive days. Additionally, the
international physical activity questionnaire was completed by participants at the end of each
week. Results indicated non-systematic differences between the measurement tools (up to four-
fold). Higher associations between the measurement tools were found for moderate than for
vigorous physical activity and the results differed between children and adults. These results
confirm the importance of carefully considering the measurement tool to be suitable for the
research question and target group and the very limited comparability between different meas-
urement tools. Additionally, the differences within accelerometer-derived results (10-second
epochs vs. 60-second epochs) point to the need for comprehensive reporting for each measure-
ment tool to compare and replicate the results.

In our third paper, we summarized previous frameworks of just-in-time adaptive interven-
tions and pointed out opportunities and challenges within this research field. We combined
recommendations of three previous frameworks and refined that just-in-time adaptive inter-
ventions should 1) correspond to real-time needs; 2) adapt to input data; 3) be system-triggered.
This can be enhanced by 4) be goal-oriented; and 5) be customized to user preferences. By
doing so, just-in-time adaptive interventions can achieve a high degree of individualization
which is closely fitted to each individual. The main challenge hereby remains the opportune
moment identification (i.e. the exact moment when participants are either likely to engage in
unhealthy behavior or when they face opportunities to perform healthy behaviors) to timely

iv
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deliver intervention content. This can be explored using ambulatory assessments and assessing
the context of the behavior. The decision-making process can be enhanced by machine learning
algorithms. These results guided the reporting and design of the examinations included in our
fourth and fifth papers.

In our fourth paper, we evaluated the importance of engaging with a just-in-time adaptive
intervention triggered after a period of physical inactivity. For this secondary data analysis, 47
adults and 33 children were included in the analysis who wore an accelerometer on the right
hip and used our SMARTFAMILY2.0 application during the three-week intervention period of
the SMARTFAMILY2.0 trial. Here, we analyzed 907 just-in-time adaptive intervention triggers
and compared step and metabolic equivalent count in the hour after occasions when participants
answered the trigger (i.e. responded to the question regarding their previous physical inactivity)
within 60 minutes (“engaged" condition) with the hour after occasions when they did not an-
swer the trigger within 60 minutes ("not engaged™ condition) in the mobile application. Results
indicated significantly higher metabolic equivalent and step count for the "engaged™ condition
within-persons. This shows that if a person engaged with a trigger within 60 minutes, he or she
showed significantly higher physical activity in the following hour compared to when the same
person did not engage with the trigger. This expands previous research about participants' en-
gagement with the intervention and the importance of an opportune moment identification to

enhance this engagement.

In our fifth paper, we explored the association of sleep quality and core affect with physical
activity during a mobile health intervention period. Based on the same intervention period re-
ported in the fourth paper, but with different inclusion criteria for the data (e.g. minimum wear
time of the accelerometer for 8 hours per day instead of 80% of the hour of interest), daily
accumulated self-rated mental state was compared to step count and minutes of moderate-to-
vigorous physical activity for 49 adults and 40 children in a secondary data analysis. Overall,
996 measurement days of the participants were included in this analysis. Our results showed
that higher reported valence and energetic arousal values were associated with more physical
activity, while higher reported calmness values were associated with less physical activity
within-persons on the same day. No distinct association was found between sleep quality and
physical activity. Our results confirm previous ambulatory assessment studies and we suggest
that within-person associations of core affect should be considered when designing physical
activity interventions for both children and adults. Additionally, core affect might be a prom-
ising consideration for opportune moment identifications in just-in-time adaptive interventions

Vv
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to evaluate the feasibility and causality of targeting changes in e.g. valence to improve subse-

quent and daily physical activity of participants using micro-randomized trials.

Based on the current state of knowledge, our results above address important research gaps
depicted by our overview in the field of digital interventions for physical activity promotion.
One example is the understudied area of just-in-time adaptive interventions for which we pro-
vided a framework, evaluated the effect of engaging with such interventions on subsequent
physical activity, and explored core affect and sleep quality as facilitators of physical activity
behavior. With these findings in mind, we discussed important considerations to progress fu-
ture mobile health studies for physical activity promotion in general, and just-in-time adaptive
interventions in particular at the end of this work. Finally, we aimed to transfer this knowledge
into a proposal for designing a just-in-time adaptive intervention in the special group of partic-
ipants at risk for or with knee osteoporosis who could specifically benefit from this highly

individualized approach.
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Zusammenfassung

Zusammenfassung

Die weitreichenden gesundheitlichen Vorteile von kérperlicher Aktivitét, insbesondere die Ef-
fekte zur Pravention nichtiibertragbarer Krankheiten wie Herz-Kreislauf-Erkrankungen, Krebs
und Diabetes, sind heutzutage gut belegt. Allerdings liegt das heutige MaR an korperlicher
Aktivitét in der Bevolkerung deutlich unter den von beispielsweise der Weltgesundheitsorga-
nisation empfohlenen Werten fiir alle Altersgruppen. Dieses Ausmal} an kérperlicher Inaktivi-
tat (d. h. das Nichteinhalten der Richtlinien flr kdrperliche Aktivitét) tragt heute betrachtlich
zu den steigenden Fallen nichtlbertragbarer Krankheiten bei, ist fur Gber 7% aller Todesfélle
verantwortlich und fuhrt zu enormen wirtschaftlichen Kosten fiir die Gesellschaft. Zuletzt ver-
scharfte die COVID-19-Krise die Situation, da viele Méglichkeiten sich kérperlich zu betatigen
eingeschrankt und Sportvereine voriibergehend geschlossen wurden. Daher sind wirksame In-
terventionen mit groBer Reichweite erforderlich, um eine Anderung des Gesundheitsverhaltens
hin zu mehr korperlicher Aktivitat in der Bevolkerung zu ermdglichen. Selbst geringfiigige
Anderungen fiir einen korperlich aktiveren Lebensstil wie ein taglicher zehnminiitiger Spazier-
gang oder die Unterbrechung langerer Phasen von kdrperlicher Inaktivitidt kénnen hier Uber

langere Zeit wertvolle gesundheitliche Vorteile bringen.

Gegenwartig existiert eine Vielzahl evidenzbasierter Interventionen fir unterschiedliche
Settings, die von individuellen und gruppenbasierten Face-to-Face-Interventionen bis zu digi-
talen Interventionen reichen. Erstere (Face-to-Face-Interventionen) sind dabei in der derzeiti-
gen Bewegungsforderung, insbesondere in der Rehabilitation, gut etabliert, Letzteres (digitale
Interventionen) scheinen allerdings aufgrund der Verfligbarkeit des sich schnell entwickelnden
technologischen Fortschritts und der Benutzerfreundlichkeit dieser Geréte besonders vielver-
sprechend, um korperliche Aktivitat in der modernen Gesellschaft als praventive MaRnahme
zu fordern. Digitale Interventionen kénnen auf Desktop-PCs (z. B. tiber DVD), Uiber das Inter-
net (z. B. auf Websites) oder auf mobilen Geréten (z. B. per SMS oder mobiler Anwendung)
bereitgestellt werden. Hierbei wird die Nutzung von Informations- und Kommunikationstech-
nologie fur die Gesundheit im Allgemeinen als ,,Electronic-Health* definiert, wahrend jede
durch mobile Gerate unterstiitzte Gesundheitspraxis als ,,Mobile Health* definiert wird. Da fast
jeder Haushalt heutzutage Zugang zu und Erfahrung mit mindestens einem dieser Gerate hat,
sind die potenzielle Reichweite und Kosteneffizienz solcher Interventionen verheif3ungsvoll.
Die technologischen Fortschritte in letzter Zeit flihrten dabei zur Entwicklung kleinerer, prak-

tischerer und genauerer Geréte zur kontinuierlichen Messung von korperlicher Aktivitat, wie
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beispielsweise Energieverbrauch, Schrittzahl und Klassifizierung der korperlichen Anstren-
gung, physiologischer Parameter, wie zum Beispiel Herzfrequenz, Blutzucker und Cortisol,
sowie selbstberichteter psychologischer Parameter. Dazu z&hlen beispielsweise Stimmung,
energetische Erregung und Ruhe. Diese Fortschritte er6ffnen neue Perspektiven durch L&ngs-
schnittdesigns zur Unterscheidung von Effekten innerhalb und zwischen Personen. Dadurch
konnen Interventionen gut individualisiert werden. Eine spezifische Art der Interventionen, die
stark von diesen kontinuierlichen Messungen und den technologischen Fortschritten profitiert,
sind so genannte ,,Just-In-Time-Adaptive-Interventionen®. Diese Interventionen zielen darauf
ab, die Intervention wahrend der vielversprechendsten Zeit fur das gewunschte Verhalten (z. B.
korperliche Aktivitat) oder wéahrend der anfalligsten Zeit fur unerwiinschtes Verhalten (z. B.
Inaktivitat) bereitzustellen. Sie beabsichtigen damit den Nutzen der Intervention zu maximie-
ren und gleichzeitig die Belastung der Teilnehmer:innen zu minimieren. Um giinstige Mo-
mente flr die Bereitstellung der Interventionsinhalte zu erfassen, stuitzen sich die Entschei-
dungsprozesse dabei auf hochauflésende Langsschnittdaten. Just-In-Time-Adaptive-Interven-
tionen profitieren auch von den jungsten Fortschritten bei maschinellen Lernprozessen durch
ausgekligelte Entscheidungsfindungsalgorithmen, die vom Verhalten und den Vorlieben der

Teilnehmer gesteuert werden konnen.

In friiheren Studien zu mobilen Interventionen waren die Ergebnisse fur die Wirksamkeit
digitaler Interventionen zur Steigerung von korperlicher Aktivitat sehr heterogen. Hier war die
Implementierung von evidenz- und theoriebasierten Interventionen, die von Techniken zur
Verhaltenséanderung, wie beispielsweise einer Zielsetzung oder Verhaltensdemonstration ge-
leitet wurden, mit einer hoheren Interventionseffektivitat verbunden. Dariber hinaus kann es
von Vorteil sein, den sozialen Kontext (z. B. Familie, Arbeitsplatz oder Freunde) in die Inter-
ventionen mit einzubeziehen, wobei es wichtig ist, zwischen den Praferenzen der Teilneh-
mer:innen zu unterscheiden (z. B. kollaboratives vs. kompetitives Setting). Als vierter wichti-
ger Aspekt kann ein hohes Mal an Individualisierung durch Just-In-Time-Adaptive-Interven-
tionen die Wirksamkeit mobiler Gesundheitsinterventionen verbessern. Die meisten friiheren
Studien und inshesondere die weit verbreiteten kommerziellen Angebote wurden bisher unzu-
reichend auf ihre Wirksamkeit geprift. Darlber hinaus sind die Bedeutung der unterschiedli-
chen Facetten sowie die zuséatzlichen Einflisse auf die Bewertung der Wirksamkeit in dem sich
schnell entwickelnden Bereich der elektronischen und mobilen Gesundheitsinterventionen fiir
Kinder, Jugendliche und Erwachsene noch unklar.
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Hier wird deutlich, dass sich zwischen technologischem Fortschritt und dem Stand der For-
schung zu elektronischen und mobilen Gesundheitsinterventionen zur Bewegungsforderung
eine Lucke befindet. Mit dieser Arbeit wollen wir einen Beitrag dazu leisten, diese Liicke zu
schlieBen. Dazu geben wir einen Uberblick tiber die Wirksamkeit elektronischer und mobiler
Gesundheitsinterventionen zur Bewegungsférderung und beleuchten dartiber hinaus wichtige
Uberlegungen und Forschungsliicken, die in der Ubersicht aufgezeigt wurden. Hierzu gehoren
unter anderem die Wahl eines Messinstruments fur korperliche Aktivitat und Just-In-Time-
Adaptive-Interventionen.

In unserem ersten Artikel fihrten wir ein Umbrella-Review durch, welches die Evidenz zur
Wirksamkeit elektronischer und mobiler Gesundheitsinterventionen zusammenfasst. Im zwei-
ten Schritt lag unser Fokus dabei auf dem Einfluss der Schlusselaspekte: theoretische Grund-
lagen, Techniken zur Verhaltensanderung, sozialer Kontext sowie Just-in-Time-Adaptiven-In-
terventionen auf die Effektivitat der Interventionen. Abgeleitet aus den elf darin eingeschlos-
senen Reviews, die sich wiederum aus 182 Originalstudien zusammensetzten, zeigten sich bei
der Mehrheit der Interventionen (59 %) signifikante Vorteile zugunsten der Interventions-
gruppe (vs. Kontrolle oder im zeitlichen Verlauf). Hierbei wurde eine theoretische Fundierung
und Techniken zur Verhaltensanderung mit einer hoheren Wirksamkeit assoziiert. Die Au-
tor:innen der eingeschlossenen Reviews berichteten dabei zwar oft vom sozialen Kontext der
Interventionen, dieser wurde jedoch nicht bewertet und Just-in-Time-Adaptive-Interventionen
wurden in keiner der Studien berticksichtigt. Des Weiteren haben die Autor:innen der Reviews
den Vergleich von selbstberichteten und geratebasierten Messergebnissen als haufiges Problem
fiir die Synthese der Ergebnisse berichtet. Diese Ergebnisse deuten auf die potenzielle Wirk-
samkeit digitaler Interventionen hin, die sehr wahrscheinlich durch die oben genannten Schlis-
selaspekte beeinflusst werden. Dariiber hinaus helfen uns diese Erkenntnisse, vielverspre-
chende aber wenig untersuchte Faktoren der Interventionswirksamkeit zu bestimmen (Just-in-
Time-Adaptive-Interventionen) und zusétzlich haufig berichtete methodische Probleme aufzu-
zeigen (Vergleichbarkeit verschiedener Messmethoden), auf die im Rahmen dieser Arbeit ein-

gegangen wird.

In unserem zweiten Artikel untersuchten wir die Zuverlassigkeit, die Vergleichbarkeit und
die Stabilitat von selbstberichteter kdrperlicher Aktivitat durch Fragebogen und Tagebuch im
Vergleich zu geratebasiert gemessener korperlicher Aktivitat mittels Akzelerometrie, analy-
siert anhand von 10-Sekunden- und 60-Sekunden-Epochen, bei Erwachsenen und Kindern.
Hierfir wurden die zwei unabhangigen Messwochen der Kontrollgruppe der SMARTFAMILY-
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Studie mit je 32 Erwachsenen und Kindern verwendet, um zu untersuchen, ob die Unterschiede
zwischen den Messinstrumenten Uber den Lauf der Zeit systematisch sind. Dabei trugen die
Teilnehmer:innen wéhrend ihres normalen Alltags einen Akzelerometer an ihrer rechten Hufte,
fullten ein tagliches Aktivitatstagebuch aus und vervollstandigten den internationalen Frage-
bogen fiir korperliche Aktivitat am Ende jeder Woche. Die Ergebnisse zeigten nicht-systema-
tische Unterschiede zwischen den Messinstrumenten, die sich bis zu einem Unterschied der
vierfachen Hohe unterschieden. Hierbei wurden héhere Korrelationen fiir moderate als fiir an-
strengende korperliche Aktivitat zwischen den Messinstrumenten gefunden und auch zwischen
Kindern und Erwachsenen zeigten sich unterschiedliche Ergebnisse. Dies bestatigt, wie wichtig
es ist, das Messinstrument sorgféltig auf seine Eignung flr den jeweiligen Kontext sowie die
Fragestellung abzuwadgen und die sehr begrenzte Vergleichbarkeit zwischen verschiedenen
Messinstrumenten zu beriicksichtigen. Darlber hinaus weisen die Unterschiede innerhalb der
vom Akzelerometer abgeleiteten Ergebnisse (10-Sekunden-Epochen vs. 60-Sekunden-Epo-

chen) auf die Bedeutung einer klaren Berichterstattung fur jedes Messwerkzeug hin.

In unserem dritten Artikel haben wir friihere Frameworks fir Just-in-Time-Adaptive-Inter-
ventionen zusammengefasst und Mdglichkeiten sowie Herausforderungen in diesem For-
schungsfeld aufgezeigt. Abgeleitet von den Empfehlungen der drei friiheren Frameworks zeig-
ten wir, dass adaptive Just-in-Time-Interventionen 1) den Echtzeit-Bedurfnissen entsprechen
sollten, 2) an erfasste Daten angepasst sein missen und 3) vom System ausgelost werden. Ver-
besserungen konnen durch 4) zielorientierte Interventionen und 5) Anpassungen an Benutzer-
praferenzen erreicht werden. Wenn dies berlicksichtigt wird, kann durch diese Interventionen
ein hohes Mal} an Individualisierung erreicht werden, das prézise auf das Individuum zuge-
schnitten ist. Die grof3te Herausforderung bleibt dabei die Identifizierung des geeigneten Mo-
ments, also genau dann, wenn die Teilnehmer:innen entweder wahrscheinlich ungesundes Ver-
halten beginnen oder sie Gelegenheit haben, gesundes Verhalten zu zeigen, um rechtzeitig In-
terventionsinhalte bereitzustellen. Dies kann mit ambulanten Assessments untersucht und der
Entscheidungsprozess mit maschinellen Lernalgorithmen verbessert werden. Diese Ergebnisse
leiteten die Berichterstattung und das Design der Erhebungen, die in der vierten und fiinften

Publikation dieser Arbeit enthalten sind.

In unserem vierten Artikel haben wir die Wichtigkeit der Interaktion mit einer Just-in-Time-
Adaptive-Interventionen bewertet, die nach einer Zeit der korperlichen Inaktivitat ausgelost
wird. Fir diese sekundare Datenanalyse wurden 47 Erwachsene und 33 Kinder wahrend des
dreiwdchigen Interventionszeitraums der SMARTFAMILY2.0-Studie miteinbezogen, die

X
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einen Akzelerometer an ihrer rechten Hufte trugen und unsere SMARTFAMILY?2.0-Applika-
tion nutzten. Hier wurden 907 Trigger der Just-in-Time-Adaptive-Interventionen analysiert
und mit der Anzahl der Schritte und metabolischen Aquivalente in der Stunde nach Ereignissen,
in denen die Teilnehmer den Trigger in der mobilen Anwendung innerhalb von 60 Minuten
beantworteten (,,engaged Kondition), mit der Stunde nach Ereignissen, in denen sie nicht in-
nerhalb von 60 Minuten antworteten (,,not engaged* Kondition) verglichen. Die Ergebnisse
weisen auf eine signifikant héhere Anzahl an metabolischen Aquivalenten und eine signifikant
hohere Schrittzahl fir die ,,engaged* Kondition innerhalb von Personen hin. Dies bedeutet,
dass, wenn eine Person auf den Trigger reagierte, diese Person in der Stunde nach dem Trigger
aktiver war, als wenn er oder sie nicht auf den Trigger reagierte. Dadurch wird die bisherige
Forschung durch die Bedeutung der Interaktion der Teilnehmer mit der Intervention erweitert
und es wird bestérkt, wie wichtig es ist, jeweils gunstige Momente dafir zu identifizieren, um

diese Interaktionen zu erhohen.

In unserem funften Artikel untersuchten wir den Zusammenhang von Schlafqualitat und
Core-Affect (Stimmung, energetische Erregung und Ruhe) mit kérperlicher Aktivitat wahrend
einer mobilen Gesundheitsintervention. Basierend auf der gleichen Interventionsperiode wie
oben angegeben, aber mit unterschiedlichen Einschlusskriterien fir die Daten (z. B. Mindest-
tragezeit des Akzelerometers fiir 8 Stunden pro Tag anstelle von 80 % der relevanten Stunde),
wurde der Zusammenhang des auf Tagesebene akkumulierten selbstbewerteten mentalen Zu-
standes mit der Schrittzahl und den Minuten mittlerer bis intensiver korperlicher Aktivitét bei
49 Erwachsenen und 40 Kindern verglichen. Insgesamt wurden 996 Tage in diese sekundare
Datenanalyse einbezogen. Unsere Ergebnisse zeigten, dass hohere Werte fur Stimmung und
energetische Erregung mit mehr korperlicher Aktivitat assoziiert waren, wéhrend héhere Werte
fir Ruhe mit weniger korperlicher Aktivitat innerhalb von Personen am selben Tag in Verbin-
dung gebracht wurden. Zwischen Schlafqualitat und kdrperlicher Aktivitat zeigte sich kein ein-
deutiger Zusammenhang. Somit bestatigen unsere Ergebnisse frihere Studien mit ambulantem
Assessment und legen nahe, dass bei der Gestaltung von Interventionen sowohl fir Kinder als
auch fiir Erwachsene Zusammenhdange von Core-Affect mit korperlicher Aktivitat berticksich-
tigt werden sollten. Dartiber hinaus konnte Core-Affect eine vielversprechende Maoglichkeit
zur ldentifizierung ginstiger Momente fur Just-in-Time-Adaptive-Interventionen darstellen.
Zudem sollten zukiinftige Studien die Machbarkeit und Kausalitdt von Anderungen in bei-
spielsweise der Stimmung von Proband:innen zur VVerbesserung der tdglichen korperlichen Ak-

tivitat der Teilnehmer:innen tberprifen.
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Basierend auf dem aktuellen Wissensstand und abgeleitet aus unserem Umbrella-Review be-
handeln unsere obigen Ergebnisse wichtige aufgezeigte Forschungsliicken im Bereich digitaler
Interventionen zur Bewegungsforderung. Ein Beispiel ist hierbei der bisher wenig untersuchte
Bereich der Just-in-Time-Adaptiven-Interventionen, fir welche wir ein Framework bereitstel-
len, die Wirkung der Interaktion mit diesen Interventionen tberpriifen und den Zusammenhang
von korperlicher Aktivitat sowohl mit Core-Affect als auch mit Schlafqualitat untersuchen.
Vor dem Hintergrund dieser Ergebnisse werden am Ende dieser Arbeit wichtige Uberlegungen
diskutiert, um zukiinftige mobile Gesundheitsstudien zur Forderung der kdrperlichen Aktivitat
im Allgemeinen und Just-in-Time-Adaptive-Interventionen im Besonderen voranzutreiben.
Schliel3lich Uberfuhren wir dieses Wissen in einen Vorschlag fur die Konzeption einer Just-in-
Time-Adaptive-Intervention in der speziellen Gruppe von Teilnehmer:innen mit einem Risiko
fur oder mit Knie-Osteoporose, die von diesem hochindividualisierten Ansatz besonders pro-

fitieren konnten.
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Chapter 1 General Introduction

Physical activity is an important contributor to human health with a variety of benefits (War-
burton et al., 2006; Warburton & Bredin, 2017). Being physically active impacts all-cause mor-
tality, cardiovascular function, muscular fitness, metabolic health, body constitution, mental
health, and cognitive function among others (Bamman et al., 2014; Neufer et al., 2015). By
enhancing these important physiological and psychological aspects, physical activity depicts
one effective key strategy to prevent noncommunicable diseases like cardiovascular diseases,
diabetes, and obesity through all stages of life (Beaglehole et al., 2011; Bull et al., 2020). De-
spite that knowledge, noncommunicable diseases are on the rise for many years, with 3.2 mil-
lion deaths attributable to physical inactivity (Forouzanfar et al., 2016), and recent research
added that physical inactivity is responsible for 7.2% of all-cause deaths (Katzmarzyk et al.,
2022). Furthermore, the association of physical inactivity with non-communicable diseases
ranged from 1.6% for hypertension to 8.1% for dementia (Katzmarzyk et al., 2022). These
health deteriorating effects create a yearly financial toll of 67.5 billion US $ on the health sys-
tem (Ding et al., 2016). Recently, the COVID-19 crisis aggravated matters as noncommunica-
ble diseases constitute important risk factors for severe illness (Bello & Useh, 2021; Pan et al.,
2021), and opportunity for being physically active was limited by lockdowns and contact re-
strictions (Stockwell et al., 2021; Wunsch, Kienberger & Niessner, 2022). While the COVID-
19 crisis did and does have an impact on physical activity, levels of physical activity have also
been insufficient for health benefits throughout all age groups for some time (Blair, 2009;
Guthold et al., 2018, 2020; Woll et al., 2011). Furthermore, the modern lifestyle continues to
promote inactivity (e.g. desk work or watching television) which increased over the past years
(Church et al., 2011; Gonzélez et al., 2017; Tremblay et al., 2011).

Today, important international and national guidelines concerning beneficial amounts of
physical activity (international e.g. Bull et al., 2020, and national e.g. Pfeifer & Rutten, 2017)
are broadly available for practitioners, policymakers, and researchers but have not been suffi-
cient to sustainably change health behavior and reduce the financial and health burden from
noncommunicable diseases worldwide (Katzmarzyk et al., 2022; World Health Organization,
2014). It is important to note that the guidelines of e.g. 150 minutes moderate or 75 minutes
vigorous or a combination of both for adults and more than 60 minutes moderate to vigorous
physical activity on average per day for children (Bull et al., 2020) are important recommenda-

tions but they should not be interpreted as miraculous thresholds. Extensive research showed
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that every move (Ekelund et al., 2019) and every step (Paluch et al., 2022) counts. Even small
changes in physical activity over an extended amount of time can accumulate significant and
relevant benefits e.g. for cardiovascular health (Martinez-Gomez et al., 2022). Therefore, ef-
fective, broadly available, and accepted long-term interventions to enhance physical activity
are needed to sustainably improve health behavior, and to limit the development of noncom-

municable diseases in the future (World Health Organization, 2018).

While there are a variety of evidence-based intervention methods and settings for physical
activity promotion (Greaves et al., 2011; Heath et al., 2012; Kahn et al., 2002), electronic and
mobile health interventions, in particular, are promising and upcoming opportunities to enhance
physical activity on a large scale (Michie et al., 2017; Vandelanotte et al., 2016). Electronic
health refers to all interventions that include “the use of information and communication tech-
nologies for health” (World Health Organization, 2020) while mobile health interventions refer
to “medical and public health practice supported by mobile devices, such as mobile phones,
patient monitoring devices, personal digital assistants, and other wireless devices” (World
Health Organization, 2011). With 6.3 billion smartphone users worldwide in 2021 (Statista,
2021), the potential coverage of mobile health tools coupled with intuitive and autonomous
controls of the device is promising. This is especially true for the digital native generations,
who use mobile health applications regularly (Naszay et al., 2018). To enhance the effective-
ness of mobile health interventions, evidence- and theory-based intervention features should be
implemented into the intervention (Direito et al., 2014; Mercer et al., 2016; Schoeppe et al.,
2016; Yang et al., 2015) which are often guided by behavior change techniques (Michie et al.,
2011; Michie et al., 2013). Furthermore, recent technological developments led to more con-
venient and accurate devices with the ability to continuously measure physical activity (Bur-
chartz et al., 2020) and related parameters like heartrate, blood sugar, and core affect (Reichert
et al., 2020). These parameters can be combined and used to adapt physical activity interven-
tions precisely to the participants’ needs, preferences, and availability. Here, previous research
showed that the amount of individualization can be an important factor for effective mobile
health interventions (Baumann et al., 2022). One upcoming and highly personalized interven-
tion type are so-called just-in-time adaptive interventions. These interventions aim to deliver
the intervention during the most promising time for the desired behavior (i.e. physical activity)
or during the most vulnerable time for unhealthy behavior (i.e. inactivity) and aim to maximize

the usefulness while minimizing participant burden (Hardeman et al., 2019).
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As promising as mobile health interventions seem to be, various open questions remain sur-
rounding the inclusion and evaluation of such interventions in physical activity promotion
(Schoeppe et al., 2016; Vandelanotte et al., 2016). Here, previous research suggests that includ-
ing theoretical background and using behavior change techniques (Prestwich et al., 2014; Webb
etal., 2010), implementing the intervention in a social context (Morrison et al., 2012; Umberson
etal., 2010), and enhancing mobile health interventions with just-in-time adaptive interventions
(Hardeman et al., 2019; Nahum-Shani et al., 2018) are key facets to enhance physical activity.
However, the importance of the different facets along with additional influences on the evalu-
ation of the effectiveness remains unclear in the fast-developing field of electronic and mobile

health behavior change interventions for children, adolescents, and adults.

Based on this research gap, the aim of this thesis was to provide an overview of electronic
and mobile health interventions for physical activity promotion. Derived from these results, we
delved deeper into the important consideration of the choice of the measurement tool and the

understudied aspect of just-in-time adaptive interventions (see Figure 1).

umbrella
review

Key facets of mHealth interventions

$6
®0
b

self-reported
device-based

social

framework
JITAI

engagement
JITAI

Core affect/
sleep - PA

Figure 1. Overview of the five publications (numbers 1-5) included in the doctoral thesis. Research
gaps found by the umbrella review (1) indicated the focus of the following publications regarding meth-
odology (2) and just-in-time adaptive interventions (3-5). Abbreviations: BCTs: behavior change tech-
niques, just-in-time adaptive interventions: just-in-time adaptive interventions, PA: physical activity.

Data used for publications two, four, and five origin from the two trials of the SMARTFAMILY
study (Wunsch et al., 2020). This study is a cluster-randomized, theory-based (self-determina-
tion theory (Ryan & Deci, 2000)) mobile health intervention with several behavior change tech-
nigques (e.g. goal-setting, provide feedback on performance, and plan social change (Michie et

al., 2011; Michie et al., 2013)) to enhance physical activity and healthy eating in the social
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context of families. Data from the first trial is used for publication two, and data from the second
(SMARTFAMILY2.0) for publications four and five.

As a first step, we conducted an umbrella review to evaluate what is needed to progress the
field of digital behavior change. We provided an overview of the overall effectiveness of elec-
tronic and mobile health interventions for behavior change under consideration of the a priory
defined key facets theoretical foundation, behavior change techniques, social context, and just-
in-time adaptive interventions in healthy children and adults (published: Fiedler et al., 2020).
As physical activity, physical inactivity, and healthy eating are often included together in be-
havior change interventions due to their interactive effects on health (Michie et al., 2011) we

focused on all three health behaviors in this umbrella review.
Question 1

How effective are digital health interventions and which key facets are related to effec-

tiveness?

Key facets to build up eHealth and mobile health interventions to enhance physical activity,
sedentary behavior, and nutrition in healthy subjects — an umbrella review.

In our first work (Fiedler et al., 2020), we found the majority (59%) of digital interventions
to be effective over time and/or vs control in all age groups. The strongest evidence concerning
the impact of the included key facets on effectiveness was found for theoretical foundation and
behavior change techniques. The social context was often included in the studies (e.g. by
school-based or workplace-based interventions) but the influence has not been analyzed while

no study included just-in-time adaptive interventions.

Even though the overall results were promising, a more detailed inspection is needed to in-
terpret these results. First, the studies ranged from 1997 to 2018 which is a very long time for
the fast-evolving field of digital health and physical activity assessment (Burchartz et al., 2020).
Second, the included meta-analyses for physical activity and inactivity did not find a significant
pooled effect in favor of the interventions (Direito et al., 2017). Third, a variety of measurement
tools have been used in the studies, ranging from device-based measured physical activity to
non-validated self-report tools for some healthy eating studies. Fourth, sustainability of the sig-
nificant effects over time was low and important metrics like engagement with the digital in-
tervention over time were often not sufficiently reported which is a common issue in digital

health studies (Mclaughlin et al., 2021; Vandelanotte et al., 2007). These important limitations
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underline the necessity to evaluate the differences between significant (and relevant) and non-
significant findings within the field to develop strong recommendations for future research.
Therefore, we summarized future research recommendations from all included reviews. De-
rived from these results, our recommendations are to uniformly and fully report all relevant
aspects of the studies (e.g. intervention, methods, and outcomes), to evaluate the role of social
context and relations as well as just-in-time adaptive interventions, to include power analyses
in all original research publications, and to assess the cost-effectiveness of digital interventions.
By adhering to these recommendations, future studies can yield a far clearer picture of the ef-

fectiveness of different aspects of digital health interventions.

One of the most frequently mentioned challenges was the comparison of self-reported and
device-based measured physical activity which impacts the comparability across studies with
different measurement tools or analyzes (e.g. epoch lengths of accelerometry (Edwardson &
Gorely, 2010)) by a large margin. This complicates e.qg. the classification of someone as suffi-
ciently active based on physical activity guidelines (Bull et al., 2020), impedes the comparison
of studies with different outcomes (Skender et al., 2016), and hampers the use of just-in-time
adaptive interventions which rely on transparent physical activity estimations for their algo-
rithms (Gonul et al., 2019).

Derived from this result, our second publication focused on the exploration of reliability,
comparability, and stability of self-reported (i.e. questionnaire and physical activity diary) vs.
device-based measured physical activity (i.e. analyzed using 10-second and 60-second epochs)
in adults and children (published: Fiedler et al., 2021).

Question 2

How do self-reported and device-based measured physical activity compare in the
SMARTFAMILY study?

Comparison of self-reported and device-based measured physical activity using measures of

stability, reliability, and validity in adults and children.

In our second work (Fiedler et al., 2021), the physical activity data of two independent meas-
urement weeks in the SMARTFAMILY study (Wunsch et al., 2020) has been compared between
questionnaires, diary, and accelerometry. Descriptive results showed the highest physical ac-
tivity values for questionnaires followed by accelerometry and the diary. We found two- to

four-fold differences between the measurement tools which has a large impact on the
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interpretation (e.g. 810 vs. 282 minutes of moderate physical activity/week). Only the results
of the accelerometry were found to be reliable, comparable (between 10-second and 60-second
epochs), and stable between the two weeks, even though the absolute values also showed mean-

ingful differences.

Our overall results are in line with previous studies which found that reliability within the
measurement tools was higher than comparability between the tools (Bull et al., 2009; Dyrstad
et al., 2014; Hagstromer et al., 2010; Herrmann et al., 2013; Hukkanen et al., 2018; Skender et
al., 2016; Slootmaker et al., 2009), and that epoch lengths have an important impact for the
interpretation of physical activity outcomes (Edwardson & Gorely, 2010; Orme et al., 2014).
Contrasting previous research, we found limited reliability for the diary and the international
physical activity questionnaire concerning adults' vigorous physical activity. Importantly, the
inclusion of a stability measure (i.e. comparability between two measurement instruments over
time) indicated stable results between the two epoch lengths and for adults' moderate physical
activity concerning all measurement tools, but very limited stability for all other comparisons.
These results add to the evidence that adults have a much more stable physical activity pattern
compared to children (Livingstone et al., 2003). A major limitation of this examination is that
accelerometry is no gold standard to assess physical activity (Keadle et al., 2019) and the results
refer to comparability and not validity. Therefore, no or only a very limited conclusion about
the accuracy of the measurements compared to the actual physical activity of participants can

be drawn.

Overall, it remains a tedious task to decide which physical activity measure to use and how
to compare studies with different outcomes. Here, including stability measurements in future
evaluation studies could strengthen the interpretation of the comparability between different
measurement tools. When conducting a physical activity study, it remains important to spend
time choosing an instrument and suitable data processing method fitting to the purpose of the
study design, study population, and outcome of interest (Burchartz et al., 2020). Furthermore,
studies with varying measurement tools should only be compared and interpreted with great
caution, especially if the methodology is not reported in greater detail. Ideally, open science
practices should be used to limit the black box regarding data processing and analyses to accel-
erate digital health promotion research (Kwasnicka et al., 2022). Finally, we will conduct a
replication study with new data from the SMARTFAMILY2.0 trial to enhance the credibility of

the results of this examination in the future (in progress).
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Another important but understudied consideration for digital health behavior change which we
derived from our umbrella review (Fiedler et al., 2020) are just-in-time adaptive interventions
for healthy participants. While these interventions allow for a highly individualized provision
of behavior change support (Conroy et al., 2020; Gonul et al., 2019; Nahum-Shani et al., 2018;
Schembre et al., 2018), the evidence for their effectiveness is still limited (Hardeman et al.,
2019; Miller, 2019). To provide an overview of this fourth key facet, we combined previous
frameworks of just-in-time adaptive interventions (Gonul et al., 2019; Hardeman et al., 2019;
Nahum-Shani et al., 2018) and discussed opportunities and challenges to provide an overview
and future directions for this field in our third publication (published: Wunsch*, Eckert*,
Fiedler* et al., 2022).

Question 3

Which opportunities and challenges of just-in-time adaptive interventions need to be

considered for physical activity promotion?

Just-in-time adaptive interventions in mobile physical activity interventions — A synthesis of

frameworks and future directions.

Based on the combination of previous frameworks, we defined (Wunsch*, Eckert*,

Fiedler* et al., 2022) that just-in-time adaptive interventions should:

1) correspond to real-time needs (at the moment when a participant can benefit from support);
2) adapt to input data (sensor input like minutes of inactivity or user-input like availability);

3) be system-triggered (automatic trigger without the involvement of the participant);

and can be enhanced by

4) be goal-oriented (feedback on and suggestions for goal-achievement);

5) be customized to user preferences (user can e.g. choose time frames when triggers are muted).

Opportunities for just-in-time adaptive interventions are manifold. The goal that each partici-
pant can be provided with the exact amount of support he or she needs in a certain situation is
outstanding and enhances the ecological validity of the intervention (Heron & Smyth, 2010).
This can be achieved by combining a variety of sensors, self-reports, and e.g. access to the
calendar with machine learning algorithms (Conroy et al., 2020; Gonul et al., 2019; Nahum-
Shani et al., 2018; Reichert et al., 2020). However, due to the novelty of this topic, current

original research studies are mainly focused on feasibility and have limited evidence for
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effectiveness (Hardeman et al., 2019; Rabbi et al., 2015; Thomas & Bond, 2015). The main
challenge for these interventions remains to tailor the decision points (the time when the just-
in-time adaptive intervention is sent to the participant) and decision rules (determining the tim-
ing, frequency, and duration of the just-in-time adaptive intervention at each decision point
framed by tailoring variables like sensor or user input) precisely to the users’ needs. This op-
portune moment identification is crucial for a high acceptance of participants, enhanced en-
gagement with, and therefore potential effectiveness of the intervention (Gonul et al., 2019).

To evaluate the importance of participants' timely engagement with a just-in-time adaptive
intervention to break inactive phases, we conducted a secondary data analysis of the interven-
tion period in the SMARTFAMILY2.0 study in our fourth publication (Fiedler*, Seiferth* et al.,
submitted).

Question 4: How important is the engagement with a just-in-time intervention to in-

crease physical activity after inactive phases.
A just-in-time adaptive intervention to enhance physical activity in the SMARTFAMILY2.0 trial.

In our fourth and pre-registered (osf.io/u9ca2/) work (Fiedler*, Seiferth* et al., submitted),
we found that if participants engaged with the just-in-time adaptive intervention, their step,
and metabolic equivalent count were higher in the hour (and 90/120 minutes) after the trigger
was answered compared to if they did not engage with the intervention (study design see Fig-
ure 2).

engaged
condition

&

+60/90/120 minutes —— =

JITAI
trigger

— A
(« . N 7 60/90/120 minutes N,
o ~

b)

<2 sensor values at <2 MET or <100 steps

B0 MINUIES m—

. not engagst‘f \\
f condition
=]

Figure 2. Illustration of 60/90/120-min time windows summarizing physical activity data (step and
metabolic equivalent counts) when (a) the just-in-time adaptive intervention trigger was answered
within the subsequent 60/90/120 minutes (“engaged"” condition) or (b) when the just-in-time adaptive
intervention trigger was not answered within this time window (*'not engaged" condition). Abbrevia-
tions: JITAI just-in-time adaptive intervention, MET metabolic equivalents.
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This finding extends evidence from previous studies which examined the impact of just-in-time
adaptive interventions on accumulated physical activity outcomes on a daily or weekly level in
small scale feasibility trials (Bond et al., 2014; Finkelstein et al., 2015; Pellegrini et al., 2015;
Rabbi et al., 2015). By considering the timely association between sending the trigger and the
behavioral response in the daily life of participants, our examination assesses the phenomena
in the time period, and natural environment when they are supposed to occur (Dunton, 2017;
Stone & Shiffman, 1994; Trull & Ebner-Priemer, 2013). This allowed us to draw better ecolog-
ically valid conclusions compared to daily or even weekly values regarding participants' en-
gagement with the trigger. As the decision rule of this just-in-time adaptive intervention was
only guided by the physical activity level of the participant in the previous hour, we also ex-
plored possible reasons for physical activity uptake descriptively. Here, our descriptive results
indicated e.g. that if participants reported that they felt unwell in the previous hour, physical
activity remained low in the next hour compared to other reasons. Future studies should further
explore known factors which are associated with physical activity uptake or barriers thereof
(Dunton, 2017), like contextual factors (Giurgiu et al., 2020) to enhance the individual tailoring

of the interventions.

An additional important association with physical activity is the core affective state of par-
ticipants (Liao et al., 2015; Trull & Ebner-Priemer, 2013). According to the three-dimensional
model, core affect includes three intercorrelated affective dimensions which are expressed as
bipolar items: valence (pleasure—displeasure), energetic arousal (wakefulness—tiredness), and
calmness (relaxation—-tension) (Russell, 2003; Schimmack & Grob, 2000). Here, previous re-
search found valence and energetic arousal to be positively associated with physical activity
while calmness was negatively associated with physical activity in adults and children (Forster
et al., 2021; Koch et al., 2018). Additionally, sleep quality might be associated with physical
activity uptake (Wang & Boros, 2021). As both sleep quality and core affect can be assessed
using ecological momentary assessments (Stone & Shiffman, 1994; Trull & Ebner-Priemer,
2013), just-in-time adaptive interventions could be supported by the inclusion of these variables
in the future. Therefore, we explored the association of sleep quality and core affective state of
participants with daily steps and moderate to vigorous physical activity during the intervention
period of the SMARTFAMILY2.0 study in our fifth publication (published: Fiedler et al., 2022)

Question 5: How are core affect and sleep quality related to physical activity during a
mobile health intervention period?
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In our fifth work (Fiedler et al., 2022), we found that above average ratings of a participant's
daily valence and energetic arousal were associated with higher daily step count and more
minutes of moderate to vigorous physical activity on the same day. Above average ratings of
calmness meanwhile were associated with lower daily step count and minutes of moderate to

vigorous physical activity. No clear association was found for sleep quality.

These results within our intervention study confirm previous ecological momentary assess-
ment studies using core affect as time-lagged predictors (Cushing et al., 2017; Dunton et al.,
2014; Liao et al., 2017; Niermann et al., 2016; Reichert et al., 2016; Schwerdtfeger et al., 2010),
and on a daily level (Do et al., 2021). This underlines the important association of core affect
with physical activity measures and the potential to include core affect in mobile health inter-
vention designs. Concerning the association of sleep quality with physical activity, previous
studies found inconsistent results (Antczak et al., 2020; Semplonius & Willoughby, 2018). The
main challenge to examine this association are the various constructs used e.g. sleep quality,
sleep duration, or sleep efficiency (Wang & Boros, 2021). Here, future studies might benefit
from device-based measured sleep quality which is increasingly accessible by more convenient
devices (Mendonca et al., 2019).

Our results highlight the importance to consider core affect in intervention designs due to its
association with physical activity. Here, physical activity studies might benefit by adapting the
intervention content to participants’ core affect or by targeting core affect as a proxy to enhance
physical activity if the relationship is based on causation. This could be achieved by e.g. en-
hancing the valence of the participant and thereby enhancing the physical activity during the
next hour or even day. However, there will still be a long way as these promising approaches
are still in the early stages of development and many causal associations are yet unclear.
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Chapter 2 Key facets of digital health interventions

Paper 1: Key facets to build up eHealth and mHealth interventions to enhance physical activity,

sedentary behavior and nutrition in healthy subjects.
Slightly modified version of the published manuscript

Fiedler, J., Eckert, T., Wunsch, K., & Woll, A. (2020). Key facets to build up eHealth and mHealth
interventions to enhance physical activity, sedentary behavior and nutrition in healthy subjects -
an umbrella review. BMC public health, 20(1), 1605.
https://doi.org/10.1186/512889-020-09700-7

Abstract

Electronic (eHealth) and mobile (mHealth) health interventions can provide a large coverage,
and are promising tools to change health behavior (i.e. physical activity, sedentary behavior, and
healthy eating). However, the determinants of intervention effectiveness in primary prevention
have not been explored yet. Therefore, the objectives of this umbrella review were to evaluate
intervention effectiveness, to explore the impact of pre-defined determinants of effectiveness (i.e.
theoretical foundations, behavior change techniques, social contexts, or just-in-time adaptive in-
terventions), and to provide recommendations for future research and practice in the field of pri-

mary prevention delivered via e/mHealth technology.

PubMed, Scopus, Web of Science, and the Cochrane Library were searched for systematic re-
views and meta-analyses (reviews) published between January 1990 and May 2020. Reviews re-
porting on e/mHealth behavior change interventions in physical activity, sedentary behavior,
and/or healthy eating for healthy subjects (i.e. subjects without physical or physiological morbid-
ities which would influence the realization of behaviors targeted by the respective interventions)
were included if they also investigated respective theoretical foundations, behavior change tech-
niques, social contexts or just-in-time adaptive interventions. Included studies were ranked con-

cerning their methodological quality and qualitatively synthesized.

The systematic search revealed eleven systematic reviews and meta-analyses of moderate
quality. The majority of original research studies within the reviews found e/mHealth interven-

tions to be effective, but the results showed a high heterogeneity concerning assessment methods
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and outcomes, making them difficult to compare. Whereas theoretical foundation and behavior
change techniques were suggested to be potential positive determinants of effective interven-
tions, the impact of social context remains unclear. None of the reviews included just-in-time

adaptive interventions.

Findings of this umbrella review support the use of e/mHealth to enhance physical activity
and healthy eating and reduce sedentary behavior. The general lack of precise reporting and
comparison of confounding variables in reviews and original research studies as well as the lim-
ited number of reviews for each health behavior constrains the generalization and interpretation
of results. Further research is needed on study-level to investigate effects of versatile determi-
nants of e/mHealth efficiency, using a theoretical foundation and additionally explore the impact

of social contexts and more sophisticated approaches like just-in-time adaptive interventions.
Trial registration

The protocol for this umbrella review was a priori registered with PROSPERO: CRD42020147902.
Keywords

telemedicine; health behavior; primary prevention; exercise; sedentary behavior; food and nutri-

tion; umbrella review; psychology social; just-in-time adaptive intervention; psychological theory
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Background

Physical activity (PA), a reduction of sedentary behavior (SB) and healthy eating (i.e. enhanced
fruit and vegetable intake (FVI), reduced sugar and saturated fat intake among others) (HE) are
key strategies in the primary prevention of noncommunicable diseases like cardiovascular diseases,
diabetes, cancer and obesity, which were responsible for 41 million deaths worldwide in 2016
(World Health Organization, 2018). Despite this knowledge, the levels of PA and HE are often
insufficient in our modern society throughout all age groups (Aune et al., 2017; Blair, 2009; Moore
& Thompson, 2015; Nielsen et al., 2014; Woll et al., 2011), while SB, such as excessive sitting
during worktime (e.g. deskwork) and during leisure time (e.g. watching television), increased over
the past years (Owen et al., 2010; Tremblay et al., 2011). As a result, guidelines concerning PA,
SB and HE are put into place, but the sole presence of these recommendations is not sufficient to
change health behavior and to reduce the financial and health burden worldwide (World Health
Organization, 2014). Working towards achieving these guidelines is important throughout all
stages of life and can be seen as a long-term investment which seems to be easier to achieve for
healthy people since obesity or other morbidities add further barriers which restrict engagement in
healthy behaviors (Baird et al., 2017). Focusing on primary prevention in healthy participants can
therefore be a sustainable way to reduce the prevalence of noncommunicable diseases. One prom-
ising strategy for primary care prevention might be the usage of electronic (eHealth) and mobile
(mHealth) health interventions. eHealth interventions comprise “the use of information and com-
munication technologies for health” (World Health Organization, 2020), while mHealth interven-
tions refer to “medical and public health practice supported by mobile devices, such as mobile
phones, patient monitoring devices, personal digital assistants, and other wireless devices” (World
Health Organization, 2011). With 4.5 billion active internet users in 2020 worldwide (Global Dig-
ital Population 2020 | Statista, 2020, April), the potential coverage of e/mHealth tools coupled
with intuitive and autonomous control of the device by the end user hold great promise. This is
especially true for the younger and digital native generations who are known to interact frequently
with e/mHealth (Naszay et al., 2018). For the establishment of e/mHealth in primary prevention,
several methodological issues such as the need for accurate and validated measuring tools for a
better comparison of different e/mHealth approaches and dose/response relationship for interven-

tions require further investigation (McClung et al., 2018).
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Theoretical foundation of interventions, as depicted by behavior change theories (e.g. self-deter-
mination theory (Ryan & Deci, Edward, L., 2000), theory of planned behavior (Ajzen, 1991),
transtheoretical model (Prochaska, James O., and Wayne, F. Velicer, 1997) or social cognitive
theory (Bandura, 1989)), and by behavior change techniques (BCTs) (Michie et al., 2011; Michie
et al., 2013) were shown to be important facets for intervention effectiveness (Prestwich et al.,
2014; Webb et al., 2010). Additionally, health behaviors are usually linked to social contexts and
affected by social relations (Umberson et al., 2010). Thus, facets like information about and inter-
acting with other users or peers (Morrison et al., 2012) might also have an important impact on
intervention effectiveness and might help to sustain successful behavior change (Glanz et al., 2008).
This has been especially true for adolescents as their sufficient level of PA, SB and HE strongly
depends on their families, schools, and peers (Viner et al., 2012). Therefore, the integration and
documentation of social contexts are important to assess the influence on and enhance the effec-
tiveness of sustainable health behavior change. Furthermore, individual tailoring based on theoret-
ical constructs was shown to be positively associated with effective interventions (Morrison et al.,
2012). Delivering these interventions during the most promising time for the desired behavior (e.g.
PA and HE) or during the most vulnerable time for unhealthy behavior (e.g. SB), implementation
of the so called just-in-time (adaptive) intervention (JITAI) (Hardeman et al., 2019; Schembre et
al., 2018) and ecological momentary intervention (EMI) (Heron & Smyth, 2010) are promising
new approaches for effective e/mHealth interventions. With the development of new generations
of a variety of sensors (Schembre et al., 2018) and the integration of machine learning approaches
(Gonul et al., 2019a), the advances in individual tailoring are rapidly evolving and appear to be

auspicious facets to implement in behavior change interventions.

Existing umbrella reviews concerning mHealth in general revealed only limited evidence to be
effective to change a variety of behaviors (Marcolino et al., 2018), while the use of text messages
has shown effectiveness for several health outcomes (Hall et al., 2015). There is an abundance of
mHealth interventions for diabetes which led to clinically relevant improvements (Hood et al.,
2016; Kitsiou et al., 2017). Existing umbrella reviews in the area of digital behavior change inter-
ventions expressed the need to examine the key contents of effective interventions in different
settings (e.g. home, work, or school based interventions) (Bertoncello et al., 2018), and to consider

various facets for an effective implementation (Ross et al., 2016). An overview of efficient
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intervention components has only been composed for non-e/mHealth interventions promoting PA,
SB, and HE (Biddle et al., 2014; Brand et al., 2014; dos Santos et al., 2019; Greaves et al., 2011).
Key determinants of effectiveness in these overviews were the use of theoretical foundations (Bid-
dle et al., 2014; Brand et al., 2014; Greaves et al., 2011), BCTs (Greaves et al., 2011), social
contexts (Biddle et al., 2014; Brand et al., 2014; dos Santos et al., 2019; Greaves et al., 2011) and
using prompts and feedback (Biddle et al., 2014; Brand et al., 2014; Greaves et al., 2011). Taken
together, there is a research gap for e/mHealth interventions concerning facets of effectiveness

with a focus on health behavior change in primary prevention.

In order to determine if these facets (i.e. theoretical foundations, BCTSs, social contexts, JITAIS)
were incorporated in recent e/mHealth interventions of primary prevention and with which mag-
nitude they contributed to intervention effectiveness (in addition to methodological facets), a sys-
tematic summary of research by conducting an umbrella review (Fusar-Poli & Radua, 2018) is

needed.
Methods

This umbrella review was registered a priori with PROSPERO (International prospective register
of systematic reviews, registration number CRD42020147902). It was conducted based on the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement
(Moher et al., 2009).

Study aim

The present umbrella review aimed to systematically summarize the results from systematic re-
views and meta-analyses concerning the effectiveness of e/mHealth interventions to promote PA,
reduce SB and promote HE as a primary care strategy in healthy participants. Further, the umbrella
review aims to identify the impact of theoretical foundations, BCTs, social contexts, and JITAIs
on the effectiveness of e/mHealth interventions. Moreover, the recommendations for future re-
search provided by the included reviews were analyzed and expanded to provide an overview of

needs to be addressed in future developments of e/mHealth interventions.
Data Sources and Search Strategy

A systematic search for reviews published in English between 01.01.1990 and 16.08.2019 was

conducted using the four databases PubMed, Scopus, Web of Science, and the Cochrane Library
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for systematic reviews and meta-analyses. The search was conducted by one author and repeated
prior to submission on 20.05.2020 (JF). The search terms were reviewed by two authors (JF, KW)
and included the following key constructs as well as numerous synonyms thereof: (eHealth OR
mHealth) AND (PA OR SB OR HE) AND (theoretical foundation/BCT OR social OR JITAI/EMI).
Additionally, a forward- / backward-search was conducted on the reference lists of included re-

views. Please see additional file 1 for detailed search strategy of all databases.
Review selection

Following the systematic search, literature was imported to the reference management software
CITAVI 6. After duplicates were removed, two reviewers (JF, KW) independently examined titles
and abstracts. Full texts of relevant review articles were obtained and assessed based on the inclu-
sion and exclusion criteria described below (JF, TE). Reasons for exclusion at this stage were
recorded and are displayed in the PRISMA-flow chart (Figure 1). Any disagreements between

authors were resolved by consensus and/or discussion with a third author (KW or TE).
Inclusion and exclusion criteria

Inclusion and exclusion criteria were selected based on PICOS (1. Population, 2. Intervention, 3.
Comparison, 4. Outcome, and 5. Study type) (Moher et al., 2009).

1. Population inclusion: Healthy participants of all ages with no physical or physiological mor-
bidities including obesity (BMI > 30kg/m2) which would influence the realization of behaviors (i.e.
PA, SB, and HE) targeted by the respective interventions. If a review included patient groups or
participants with any physical or psychological morbidities and provided a subgroup analysis or
reported the results for the healthy population separately, the review was also included. Exclusion:
Participants with any physical or psychological morbidities including obesity (BMI > 30kg/m?),
clinical settings, and studies focusing on populations, whose PA, SB, or HE was influenced by

disease specific recommendations or health status.

2. Intervention inclusion: e/mHealth interventions where the primary outcome measure was PA
(e.g. steps, moderate, vigorous, or moderate to vigorous (MVPA)) and/or SB (e.g. sitting time,
screen time) and/or HE (e.g. FVI, fat consumption) were selected. Exclusion: Studies without an
intervention, with no e/mHealth interventions, with mixed interventions if e/mHealth were not

analyzed separately.
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3. Comparison: Included reviews were not limited to comparator studies.

4. Outcome inclusion: Effectiveness for PA and/or SB and/or HE as the main outcome. Effec-
tiveness had to be displayed or discussed with regard to at least one of the following aspects: a)
theoretical foundation or BCTs, b) JITAI/EMI, and c) social context (e.g. social network, fam-
ily/peer group/school setting). Exclusion: Studies that focused on other health outcomes like
weight loss, quality of life, or had multiple additional health behaviors not related to PA, SB, or
HE (e.g. smoking, drinking) as main outcomes. Studies without discussion/results for any of the
following: theoretical foundation or BCTs, JITAI/EMI, or social context.

5. Study type inclusion: Systematic reviews and meta-analyses based on the PRISMA statement.

Exclusion: Non-systematic reviews (e.g. narrative reviews, qualitative reviews, scoping reviews).
Study quality assessment

Review quality was rated independently by one author (JF) and a research assistant using the as-
sessment of multiple systematic reviews (AMSTAR) tool (Shea et al., 2007). Any disagreements

were resolved by discussion until a common consent was found.
Data extraction

Data was extracted from the included studies by JF using a predefined Excel sheet. Data extraction
and coding were checked by a research assistant. Any disagreements were resolved by discussion
until a common consent was found. The following data were extracted: author and year, type of
review, aim, mHealth/eHealth tools, country (where the included studies were conducted), main
outcomes (constructs and parameters), time period searched and time period of included studies,
included study designs, number of studies, number, and age of participants, intervention duration,
quality of included studies indicated by the reviews, included theory/BCT, included so-
cial/JITAI/EMI, reported effectiveness, recommendations for future research as stated by the au-
thors.

Analysis

We used the term review to describe systematic reviews and meta-analysis together, and distin-
guished between the terms study and publication, since the reviews included multiple publications
about one study and thus relate to the same sample. Due to the heterogeneity of methods and
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reported values, a quantitative pooling of data was not feasible. Descriptive data were extracted
and displayed as rounded percentage for a better comparison (e.g. 12/20 (55%) studies were effec-
tive). This led to rounding errors in some cases, thus the sum of percentages did not always add
up to 100%. A further facet that needs consideration is that some reviews included multiple health
outcomes at a time, hence they were mentioned repeatedly in the detailed results for PA, SB, and
HE. Additionally, the total number of included publications in the reviews has been used for the
results which led to some studies being included two or three times. Between-group effects were
indicated as temporary if significant differences between the groups were only present at one and
not at all timepoints following the intervention. Effect measures from included meta-analyses were
reported in greater detail than systematic reviews due to the additional information provided by
the quantitative report and subgroup analyses. Standardized mean differences (SMD), also known
as Cohen’s d, were classified with 0.2 as small, 0.5 as moderate, and 0.8 as large (Cohen, 1988).
Hedge’s g was also interpreted by the same rule of thumb. Heterogeneity was reported using the
12 value, where values of 0% to 40% may indicate no important, 30% to 60% indicate moderate,
50% to 90% substantial, and 75% to 100% considerable heterogeneity (Deeks, Jonathan J, Higgins
Julian PT, Altman Douglas G, and Cochrane Statistical Methods Group, 2019). Due to inconsistent

reporting, additional values for significance of heterogeneity like Q and X2 were not reported.
Results

Out of the 3895 reviews initially located and downloaded, 587 doublets were removed. During
title and abstract screening, additional 3233 studies were excluded, with 75 studies remaining for
full text screening. Sixty-four of these articles were excluded due to above mentioned exclusion
criteria. This resulted in a total of 11 systematic reviews and meta-analyses which were included
in this umbrella review (Bohm et al., 2019; Buckingham et al., 2019; Direito et al., 2017; Ferrer &
Ellis, 2017; Hamel et al., 2011; Mcintosh et al., 2017; Muellmann et al., 2018; Nour et al., 2016;
Rocha & Kim, 2019; Schoeppe et al., 2016; Stephenson et al., 2017) (for more details see Flow-
Chart in Figure 1). The updated search located 472 additional articles which were all excluded

after title and abstract screening.
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Figure 1. PRISMA Flow Chart of the study selection process.
Description of the included studies

The 11 reviews included a total of 195 publications (182 studies) published between 1998 and
2018, with 167 of these publications being included once throughout the reviews and 13 publica-

tions being included in two or three reviews, accounting for 28 publications.

The included original research studies were mainly conducted in USA and Canada and Europe,
and the most common study designs were randomized control trials (RCTs). The duration of in-

terventions ranged from one session to 24 months, with the majority (92%) of interventions lasting
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at least four weeks. Sample sizes ranged from 458 (Ferrer & Ellis, 2017) to 73,417 participants
(Buckingham et al., 2019) for the reviews and added up to 114,430 participants throughout all
studies. The full details of the study characteristics of articles included in the umbrella review are
displayed in Table 1.
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Chapter 2 Key facets of digital interventions

Two reviews focused on children and adolescents (Béhm et al., 2019; Hamel et al., 2011), four
focused adults (Buckingham et al., 2019; Muellmann et al., 2018; Nour et al., 2016; Stephenson
et al., 2017) and five included participants of all ages (Direito et al., 2017; Ferrer & Ellis, 2017;
Mclintosh et al., 2017; Rocha & Kim, 2019; Schoeppe et al., 2016). Five systematic reviews fo-
cused on PA outcomes (Bohm et al., 2019; Ferrer & Ellis, 2017; Hamel et al., 2011; McIntosh et
al., 2017; Muellmann et al., 2018), one meta-analysis focused on SB outcomes (Stephenson et al.,
2017), and one meta-analysis and one systematic review included both PA and SB outcomes
(Buckingham et al., 2019; Direito et al., 2017). HE was the main outcome in two meta-analyses
(Nour et al., 2016; Rocha & Kim, 2019), and one systematic review included PA, SB, and HE as

main outcomes (Schoeppe et al., 2016).

Eight reviews reported the use of theoretical frameworks (Bo6hm et al., 2019; Buckingham et
al., 2019; Ferrer & Ellis, 2017; Hamel et al., 2011; Mclintosh et al., 2017; Muellmann et al., 2018;
Nour et al., 2016; Schoeppe et al., 2016), and 78/125 (62%) publications in these reviews reported
the use of a theoretical foundation. The most common reported theories were social cognitive the-
ory (n = 29), transtheoretical model (n = 16), theory of planned behavior (n = 10), self-determina-
tion theory (n = 10) and I-change model (n = 7). Four reviews (Buckingham et al., 2019; Direito
etal., 2017; Rocha & Kim, 2019; Stephenson et al., 2017) coded the use of BCTs using a taxonomy
of behavior change (Michie et al., 2011; Michie et al., 2013) and two reviews (Bohm et al., 2019;
Ferrer & Ellis, 2017) reported BCTs without coding them. The BCTs, which were most frequently
reported by the reviews, were goal setting (n = 5), self-monitoring (n = 4), social support (n = 4),
prompts/cues (n = 4), feedback on the behavior (n = 3) and instruction on how to perform the
behavior (n = 2). Since the BCTs were neither coded nor reported in a comparable way by the

reviews, a more detailed summary was not feasible.

The majority of intervention studies were socially embedded (111/182, 62%). School, univer-
sity, or college settings were mentioned in 45 studies, workplace in 37 studies, home and/or com-
munity-based study populations were reported in 17 studies, while two studies reported a combi-
nation of workplace and home setting. A social media setting was mentioned in eight studies, and
supermarket and online setting in one study each. Two reviews (Hamel et al., 2011; Schoeppe et
al., 2016) examined whether the interventions involved social support from the setting or solely

took place in this context. Social support through peers and/or friendly challenges was described
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in six studies (Schoeppe et al., 2016) and parental involvement in three studies (Hamel et al., 2011).

None of the reviews reported the use of JITAI or EMI.
Overall effectiveness

The heterogeneity of the included studies concerning study type, outcome parameter, and assess-
ment method was high. Thus, the overall effectiveness reported in the reviews is displayed in the
following paragraph for any significant differences, which were found for the e/mHealth interven-
tions over time or vs. a control group. Of all included studies, 10/182 did not report intervention
effectiveness. The remaining 172 studies found a significant benefit for the intervention group over
time and/or vs. a control group in 101/172 (59%) cases. No significant differences were found in
68/172 (40%) studies, and 3/172 (2%) resulted in a significant deterioration of the parameter over

time and/or vs. control (see Table 1).
Effectiveness vs. Control

The between group differences for the included systematic reviews are displayed in the following

chapters and the results of the included meta-analyses are reported in further detail.
PA

PA (i.e. time spent in different PA intensities, step count, PA frequency, PA goal achievement,
school related PA, and leisure time PA) was assessed by seven systematic reviews (PA outcome
in 106 studies) (Bohm et al., 2019; Buckingham et al., 2019; Ferrer & Ellis, 2017; Hamel et al.,
2011; Mclntosh et al., 2017; Muellmann et al., 2018; Schoeppe et al., 2016) and one meta-analysis
(PA outcome in 20 studies) (Direito et al., 2017). Of the 126 studies included in these reviews, 58
studies used device-measured outcomes, 52 used self-report (1 not validated), and 16 used a com-

bination of both measures.

Systematic reviews concerning PA did not report group differences or did not use a control
group in 14/106 studies. The remaining 92 studies found significant group differences in favor of
the intervention group in 19/92 (21%) studies, temporary significant group differences in favor of
the intervention group in 25/92 (27%) studies and 49/92 (53%) showed no significant differences
between the groups. One meta-analysis (Direito et al., 2017) included participants aged from 8.4
to 71.7 years and found no significant pooled effects using a random effect model between the
eHealth and a usual/minimal care group for total PA (seven studies, SMD = 0.14, 95 % CI [-0.12,
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0.41]; 2= 60 %), MVPA (nine studies, SMD = 0.37, 95 % CI [-0.03, 0.77]; I?= 78%) and
measures of walking (eight studies reporting steps/day and walking duration/day, SMD = 0.14,
95%CI [-0.01, 0.29]; 12=0 %). Subgroup analysis between device-measured and self-reported re-
sults showed no significant differences in the eHealth group for total PA, MVPA and walking.

SB

SB (i.e. sitting time (overall and occupational), sedentary time (overall and occupational), screen
time, and computer activity) was assessed by two systematic reviews (SB outcome in 13 studies)
(Schoeppe et al., 2016; Stephenson et al., 2017) and two meta-analyses (SB outcome in 20 studies)
(Buckingham et al., 2019; Direito et al., 2017). Of the 33 studies included in these reviews, 15
studies used device-measured outcomes, 16 used self-report (one not validated), and two used a

combination of both measures.

The systematic reviews concerning SB included 4/13 studies which did not report group differ-
ences or did not involve a control group. The remaining nine studies showed a significant group
difference in favor of the intervention group in 2/9 (22%) studies, 6/9 (67%) studies with no sig-
nificant differences between the groups, and 1/9 (11%) reported a significant group difference in
favor of the control group. The first meta-analysis (five studies) (Direito et al., 2017) which in-
cluded participants aged from 8.4 to 71.7 years found a significant reduction of SB in favor of the
intervention group using a random effect model. This pooled effect was negative and small (SMD
=—0.26, 95 % CI [-0.53, —0.00]; 12 =0 %) with no evidence of heterogeneity. Subgroup analysis
between device-measured and self-reported results showed no significant differences for the inter-
vention group in SB. The second meta-analysis on SB (15 studies) (Stephenson et al., 2017) in-
cluded only adults (20.4 to 64.1 years) and showed a significant pooled reduction of SB with a
substantial heterogeneity (-41.28 min/day, 95% CI [-0.99, —21.58], 12 = 77%; n = 1402) in favor
of the intervention group at the end point follow-up measurement using a random effect model.
Analysis for device-measured (eight studies) results showed a significant pooled reduction of
—35.07 min/day with a low heterogeneity (95% CI [-46.57, —23.57], 1> =21%; n = 595), while self-
reported measures (seven studies) led to a significant reduction of —52.66 min/day with a consid-
erable heterogeneity (95% CI, [-93.63, —11.69], 1> =88%; n = 807) at end point. The comparison
between device-measured and self-reported results has not been conducted by this meta-analysis.

The additional analysis of short-term measures for overall SB (less than 3 months, 10 studies)
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showed a significant mean reduction of —42.42 min/day with a substantial heterogeneity (95% CI
[-63.21, —21.63], 12 =61%; n = 760), the medium-term measures (three to six months, five studies)
showed a significant mean reduction of —37.23 min/day with a considerable heterogeneity (95%
CI[-73.70, —0.75], 1> =85%; n =691) and the long-term measures (over six months, three studies)
showed no significant mean reduction with a low heterogeneity (—1.65 min/day, 95% CI [-
14.77, 11.47], 12 =23%; n =670).

HE

HE (i.e. FVI, vegetable intake, and healthy dietary choices) was assessed by one systematic review
(HE outcome in 13 studies) (Schoeppe et al., 2016) and two meta-analyses (HE outcome in 33
studies, focus on FVI1) (Nour et al., 2016; Rocha & Kim, 2019). All of the 46 studies included in

these reviews used self-reported results, 10 of which were not validated.

The systematic review concerning HE did not report group differences or did not involve a
control group for 1/13 studies. The remaining 12 studies found a significant group difference in
favor of the intervention group in 2/12 (17%) studies, a temporary significant group difference in
favor of the intervention group in 3/12 (25%) studies, and 7/12 (58%) showed no significant dif-
ferences between the groups. One meta-analysis (Nour et al., 2016) included young adults (M
=20.8 years) and showed a significant increase in FVI (eight studies) calculated by a random effect
model with a small pooled Cohen’s d of 0.22 (95% CI [0.11, 0.33]) and a substantial heterogeneity
(12 = 68.5%). Effects for vegetable intake alone were also assessed (five studies) and the pooled
effect showed a negligible effect with low heterogeneity (Cohen’s d = 0.15, 95% CI [0.04, 0.28],
12 = 31.4%). The second meta-analysis (Rocha & Kim, 2019) included participants of all ages (4.5
to 57.75 years) and found a significant increase of FVI in favor of the intervention group using a
random effect model with a small Hedge’s g and substantial between study heterogeneity (g = 0.26,
SE =0.05, 95% CI1[0.17, 0.35], I2 = 62.77). Subgroup analyses revealed that computer-based (i.e.
non-Internet based) eHealth interventions (three studies) showed the largest effect (g = 0.44), fol-
lowed by SMS interventions (three studies) with a Hedge’s g of 0.41, while internet-based inter-
ventions (nine studies) showed a Hedge’s g of 0.19 and CD-ROM, mobile apps and video game
interventions (four studies) showed no significant improvements. The subgroup analysis relating
to age groups yielded no significant differences between adults (11 studies), adolescents (four

studies), and children (four studies). Interventions including adults and adolescents showed
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significant improvements in favor of the intervention group with Hedge’s g of 0.26 and 0.35 re-

spectively, while interventions conducted with children showed no significant effects.
Determinants of effective Interventions

The extraction of effect sizes regarding the influence of theoretical foundation/BCTs, social influ-
ences, and EMI/JITAs on the efficiency of e/mHealth interventions was not feasible so that only

descriptive results were reported in this umbrella review (see Table 2).
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Theoretical foundation and BCTs were mentioned in all the included reviews (Bohm et al., 2019;
Buckingham et al., 2019; Direito et al., 2017; Ferrer & Ellis, 2017; Hamel et al., 2011; MclIntosh
etal., 2017; Muellmann et al., 2018; Nour et al., 2016; Rocha & Kim, 2019; Schoeppe et al., 2016;
Stephenson et al., 2017). One review (Mclintosh et al., 2017) related to PA noted that 5/5 (100%)
studies based on social cognitive theory led to significant differences over time or vs. control com-
pared to 1/2 (50%) for theory of planned behavior and 1/1 (100%) showing a temporary significant
difference directly after the intervention for transtheoretical model. Another review concerning PA
(Muellmann et al., 2018) also found theory-based interventions more effective than those without
a theoretical foundation. A third review concerning PA (Hamel et al., 2011), which found that 6/9
(67%) theory-based interventions showed significant improvements of the intervention group over
time or vs. control, while only 2/5 (40%) without a theoretical foundation led to such improve-
ments, is in line with these findings. The inclusion of BCTs was associated with higher effective-
ness of PA, SB, and HE interventions in one review (Schoeppe et al., 2016). However, the question
which BCTs are linked to effectiveness has not been answered by this review. Two meta-analyses
(Direito et al., 2017; Stephenson et al., 2017) reported the usage of BCTs for PA and SB interven-
tions, but did not link the use of BCTs to effectiveness due to the small number of studies included.
For healthy eating behavior, the use of BCTs was one key component of successful interventions,
while the impact of using multiple BCTs remained unclear (Nour et al., 2016). Further, a more
recent meta-analysis (Rocha & Kim, 2019) revealed that the inclusion of seven to eight BCTs (four
studies) resulted in a statistically significant larger effect size (SMD = 0.42, SE = 0.10, 95% ClI
[0.21, 0.62], p <.001) than those involving four to six BCTs (seven studies) and one to three BCTs
(seven studies). In a next step, the meta-analysis found no statistically evidence for specific BCTs

yielding larger effect sizes.

The influence of a social settings concerning effectiveness has not been reported in detail by
the included reviews and two reviews (Hamel et al., 2011; Schoeppe et al., 2016) reported on the
matter at all. The integration of eHealth interventions in school settings was reported to lead more
often (6/9, 67%) to positive effects on PA or weight reduction in comparison to home-based inter-
ventions (2/5, 40%) (Hamel et al., 2011). Another possible influence on effectiveness mentioned
in this review was parental influence (Hamel et al., 2011). The second review about mHealth in-

terventions points out that efficient interventions often include social support related to peers and
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friendly team challenges among many other facets (Schoeppe et al., 2016). However, since both
reviews did not report effect sizes, and there were a variety of other possible facets contributing to

effectiveness, the magnitude of the potential influence for social settings remains unclear.

Since none of the reviews reported the use of EMI/JITAIS, the question concerning their effec-

tiveness has to be left unanswered by this umbrella review.
Study Quality

Mean study quality of the included reviews as assessed by the AMSTAR tool (Shea et al., 2007)
(maximum score 11, score ratings: low = 0-3, medium = 4-7, and high = 8-11 (Sharif et al., 2013))
was medium (M = 5,9/11) while one review scored high (9/11) (Nour et al., 2016). None of the
included reviews reported the conflict of interest of the included studies and only one review pro-
vided a list of all included and excluded studies (Nour et al., 2016). For the score of every criterion
see additional file 2. Risk of bias ratings conducted by the authors of the included reviews was

mainly medium to high with some studies of low risk (see Table 3).
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Discussion

This umbrella review provided an overview of e/mHealth interventions concerning PA, SB, and
HE for primary prevention with a special focus on potentially important facets and their contribu-
tion to intervention effectiveness. To avoid an overwhelming heterogeneity in the included reviews,
these facets have been pre-defined based on the current literature and previous umbrella reviews
as theoretical foundation, BCTs, social context, and the use of JITAI/EMI. To the best of our
knowledge, this umbrella review is the first to systematically analyze the potential impact for those
predefined facets.

Effectiveness of e/mHealth interventions

Overall, findings of this umbrella review suggested that a majority (59%) of e/mHealth interven-
tions were effective (including interventions eliciting short-term effects and interventions without
control-group comparison). Since multiple studies reported a high heterogeneity (with low to high
quality ratings), this result has to be interpreted with caution. Results of the systematic reviews
including a control-group indicated that PA interventions were more often effective (48%) than
interventions concerning HE (42%) and SB (22%). However, more than 50% of these effects for
PA and HE interventions were only temporary and one SB study outcome (11%) was even in favor
of the control group. In contrast to systematic reviews, quantitative findings of the included meta-
analyses did not indicate any significant benefit for PA while SB and HE interventions showed
significant small effects. A reason for the lack of effectiveness in the only meta-analysis concern-
ing PA (Direito et al., 2017) may be that solely one original research study included a true control
group and e/mHealth to usual/minimal care. Furthermore, the post hoc exploratory sensitivity anal-
ysis displayed two of the included studies as being the main reason for heterogeneity in this meta-
analysis. After removal of these studies, results indicated a small but significant effect for MVPA
(but none for total PA) and thereby partially support the findings of the systematic reviews that

e/mHealth interventions can be effective tools to change all three health behaviors.

One facet which could have influenced the results of this umbrella review is the use of different
assessment methods in the studies, as self-report measures are commonly reported to overestimate
PA compared to sensor-based PA (Dyrstad et al., 2014). Considering the fact that some studies
even used non-validated self-report tools in PA, SB, and HE interventions, these facets could have
highly influenced findings. In the present umbrella review, the comparison of self-reported and
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device-measured outcomes showed no significant differences for PA and SB in one meta-analysis
(Direito et al., 2017), and another meta-analysis reported lower heterogeneity and a descriptive
difference of SB reduction for device-measured results (Stephenson et al., 2017). While all other
reviews reported on the use of self-reported and device-measured results, the examination of in-
fluence on effectiveness has not been conducted and thus no assumptions about a potential impact
of the measuring method could be made. However, examining the impact of the measurement
method could be important, since self-reported and device-measured results often differ concern-
ing the construct (e.g. measuring habitual PA or sport related PA) and the time epoch (e.g. regu-
lar/last week/month PA recall via questionnaire or measured PA during a defined time via accel-
erometry) (Dyrstad et al., 2014). Furthermore, the earliest study included in the reviews was pub-
lished in 1997 and the complexity and capacity of sensors evolved rapidly since that time (Bur-
chartz et al., 2020), allowing for more precise measurements and the combination of PA data with
physiological parameters like heartrate or blood sugar (Reichert et al., 2020). This potential influ-
ence of different sensors on intervention effectiveness however, has not been considered in the
reviews. Future reviews should specifically compare results derived by self-reports to device-
measured outcomes and assess the impact of the complexity of sensors in order to further investi-

gate the true impact of assessment methods and ease the interpretation of results.

The sustainability of intervention effects was reported to be low in the reviews for PA and HE,
and quantification of one meta-analysis (Stephenson et al., 2017) showed that the effects of SB
interventions diminish after 6 months, which is in accordance with other research (Prochaska,
James O., and Wayne, F. Velicer, 1997). Intervention duration and engagement are also important
facets influencing intervention effectiveness (Vandelanotte et al., 2007), but the influence remains
unclear due to a lack of reporting by the included reviews. Future reviews should consider this
link, especially if they are comparing sustainability of intervention effects over time.

The use of eHealth compared to mHealth might also influence the effectiveness. However, re-
sults are inconclusive since most reviews did only assess the intervention type but not compare the
impact on effectiveness. One meta-analysis (Direito et al., 2017) which quantified the results found
computer-based interventions to cause superior effectiveness compared to web- and app-based
interventions. However, since mHealth is a more recent development and the amount of evidence

is limited, this trend might be modified with more sophisticated approaches and more study results
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in the future (Vandelanotte et al., 2016). There is a clear need to include the comparison of effec-
tiveness across devices in PA and SB interventions along with the influence of the age of partici-

pants in order to enhance and specify future interventions.
Influence of theoretical foundation, BCT, social aspects, and JITAIs on effectiveness

The diversity of results supported the importance to consider the underlying mechanisms for ef-
fective e/mHealth interventions in order to further develop the field of digital behavior change in

general and in the area of primary prevention in particular.

The use of BCTs as a sub-section of theoretical foundation provided the most distinct picture
and was highly associated with effective interventions for PA, SB, and HE interventions in one
systematic review (Schoeppe et al., 2016). This finding was further supported by the two meta-
analyses concerning HE (Nour et al., 2016; Rocha & Kim, 2019). The use of more BCTs enhanced
intervention effectiveness for HE, whereas the impact of specific BCTs or combinations of BCTs
remains unknown (Rocha & Kim, 2019), which has been a common finding in reviews on HE
interventions (Villinger et al., 2019). The meta-analyses concerning PA and SB did not report the
impact of BCTs on effectiveness which should be addressed by future research. Support for the
use of a theoretical foundation for effective e/mHealth interventions concerning PA was found in
three reviews (Hamel et al., 2011; Mclintosh et al., 2017; Muellmann et al., 2018), and there were
indications that social cognitive theory might be especially effective (Mclntosh et al., 2017). The
overall higher effectiveness for theoretical founded interventions supported the findings of a pre-
vious review about internet interventions (not focused on primary prevention) (Webb et al., 2010)
but in contrast to our results, the theory of planned behavior was found to be more effective than
social cognitive theory. Since direct comparisons of theory vs. no theory in the included reviews
were scarce and only descriptive, there is a need for further investigation and better documentation
of theoretical backgrounds in intervention studies in order to draw a clear conclusion. The lack of
reporting regarding the impact of theoretical foundation on effectiveness for SB and HE should
additionally be addressed by further research. A further aspect to consider in future studies is the
compatibility of static behavior change theories to the technological advances which has not been
addressed by the included reviews. While dynamically changing theories like the adapted versions

of the Theory of Planned Behavior (Navarro-Barrientos et al., 2011) or the Social Cognitive
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Theory (Martin et al., 2014) has been promoted in the development of JITAIs (Gonul et al., 2019b)

the impact on intervention effectiveness should be assessed in future interventions.

In contrast to the potential impact of theoretical foundation and BCTs, most reviews did neither
report nor analyze the association of embedding interventions into social contexts (e.g. involving
family, peers, or co-workers in the intervention) and intervention effectiveness. Only three reviews
(Ferrer & Ellis, 2017; Hamel et al., 2011; Schoeppe et al., 2016) reported on that matter but were
unable to specify the influence due to a small sample and/or multiple other parameters linked to
effectiveness. The importance of getting a better impression of social influences should however
not be underestimated in order to conduct effective interventions in the future (Bandura, 1998).
Including social facets can have an essential influence on intervention effectiveness and should be
considered in future research (Wunsch et al., under review). Furthermore, intervention designs
comparing e/mHealth interventions with clearly defined and controlled social contexts (e.g. social

comparison, cooperative approaches) might help to gain evidence on the impact of social context.

No mention at all was found for the use of EMI/JITALI in this umbrella review. With the possi-
bility to tailor and to continually adapt interventions to each person’s needs, as well as to deliver
support at the most promising moment, there is a clear need for examination of this important field
in the future (Hardeman et al., 2019; Heron & Smyth, 2010; Schembre et al., 2018).

Strengths and Limitations

The main strengths of this umbrella review consisted in summarizing the knowledge about the
impact of multiple facets of effective behavior change interventions, derived from current litera-
ture, on effectiveness. Following a pre-registered protocol and systematically summarizing the
evidence on the effectiveness of e/mHealth interventions in primary prevention ensured a replica-
ble approach. Using a systematic search with pre-defined terms, following the PRISMA guidelines
for reporting, and using AMSTAR for quality assessment thereby enhanced the transparency of
the results. The inclusion of systematic reviews and meta-analyses following PRISMA guidelines
ensured a solid foundation of higher quality reviews and a systematic reporting of the original

research results.

Nonetheless, there are several limitations concerning the current umbrella review that need to

be considered. First, the results of this umbrella review highly depended on the detailed reporting
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of the desired parameters in the reviews. Even if the original research studies reported on the issue
but the reviews did not, the result has not been considered for this umbrella review. Even though
the included reviews had to follow the PRISMA statement themselves, the quality of reviews was
medium with a high discrepancy of included original research studies ranging from low to high
scores and including several non-RCT studies. This might have impacted the conclusions of this
umbrella review as well. The fact that 13 publications were included twice or more might also bias
the evidence since those studies get a higher impact on the overall results. Finally, important stud-
ies might not be included in any review article yet since the conduction and publication of reviews

produces a certain time lag compared to the present evidence.
Implications for practice and research

Results of this umbrella review can serve as a theoretical basis to conduct both, original research
and review articles in the field of primary prevention using e/mHealth. Researchers should address
the main research gaps, namely the impact of different theoretical foundations for interventions in
different contexts, the adequate amount and types of BCTs, the impact of social context, and en-
hancing interventions with JITAIs, by conducting original research studies or especially focused
reviews to close research gaps. For practitioners, we recommend to implement theoretical founda-
tion and BCTs to their e/mHealth interventions in order to enhance intervention effectiveness.
Furthermore, e/mHealth interventions should be adapted once further evidence emerges in order

to maximize the usefulness of this fast-changing field of behavior change.
Future Directions

Even though the included reviews were conducted over the course of nearly a decade and thus
represent different stages of e/mHealth tools, recommendations for future research given by the
authors of the included reviews have a lot in common (for more details see Table 3). Based on
these recommendations, a clear need for PA and SB studies is stated to bypass self-report and use
validated and comparable device-measured outcomes instead (Bohm et al., 2019; Buckingham et
al., 2019; Ferrer & Ellis, 2017; Hamel et al., 2011; Mclntosh et al., 2017; Nour et al., 2016; Rocha
& Kim, 2019; Stephenson et al., 2017). Mainly including device-measured outcomes will lead to
a more comprehensive picture of intervention effectiveness even though other challenges arise
from that approach (e.g. comparison of different epoch lengths (Fabre et al., 2020)). The most
promising aspect of device-measured outcomes and accelerometry in particular is the assessment
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of valid PA and SB data in real-time, resulting in a variety of outcome parameters which have the
potential to be easily compared throughout different studies (Burchartz et al., 2020). While device-
measured assessments for HE are rarely used (but becoming more and more available (Bandodkar
& Wang, 2014)), HE interventions should only include validated tools and be aware of the ad-

vantages of each assessment to ensure the quality of results (Rollo et al., 2016).

In order to analyze the influences of different intervention aspects on effectiveness, a uniform
and full reporting of the intervention components (theoretical foundation, BCTs, social aspects,
etc.), methods and outcomes is needed (Buckingham et al., 2019; Direito et al., 2017; Ferrer &
Ellis, 2017; Rocha & Kim, 2019; Schoeppe et al., 2016; Stephenson et al., 2017). Additionally, an
exploration of the adequate dose and length of interventions (Béhm et al., 2019; Direito et al.,
2017; Ferrer & Ellis, 2017; Nour et al., 2016; Schoeppe et al., 2016; Stephenson et al., 2017), the
influence of social support (Bohm et al., 2019; Ferrer & Ellis, 2017; Hamel et al., 2011; MclIntosh
etal., 2017; Schoeppe et al., 2016) as well as individual tailoring (e.g. using JITAISs to deliver sex-,
age- or BMlI-specific interventions adapting to personal preferences) (B6hm et al., 2019; Hamel et
al., 2011; Rocha & Kim, 2019; Schoeppe et al., 2016) is needed for a better understanding of the
determinants of effectiveness. Here, machine learning principles can enhance intervention effec-
tiveness by allowing a highly personalized adaptation to the users’ needs and environmental re-
quirements (Gonul et al., 2019a). Future e/mHealth studies for behavior change should also con-
duct a priori power analyzes to include appropriate sample sizes in order to enhance the value of
the results (Bohm et al., 2019; Buckingham et al., 2019; Mclntosh et al., 2017; Schoeppe et al.,
2016) and assess cost-effectiveness (Béhm et al., 2019; Direito et al., 2017; Nour et al., 2016).

Conclusions

In summary, e/mHealth interventions can be effective tools for primary prevention in behavior
change of PA, SB, and HE, but the evidence for effectiveness is still limited. Theoretical founda-
tion and the use of BCTs are promising determinants of effectiveness. However, there is still a
research gap which theory and which BCTs are the most promising for primary prevention and for
the inclusion of social contexts, JITAIs, and other facets like the optimal dose and length of inter-
ventions. Therefore, future studies should limit methodological issues (e.g. non-validated tools)
and use appropriate assessments (depending on the outcome variable of choice), and a more com-

prehensive and standardized way of reporting. In doing so, the benefit of the main advantages of
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e/mHealth, namely the large coverage, potential cost effectiveness, and high adaptability to indi-
vidual preferences and environmental facets, can be utilized to enhance behavior change in pri-

mary prevention.
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Abstract

Quantification of physical activity (PA) depends on the type of measurement and analysis method
making it difficult to compare adherence to PA guidelines. Therefore, test-retest reliability, valid-
ity, and stability for self-reported (i.e. questionnaire and diary) and device-based measured (i.e.
accelerometry with 10/60 second epochs) PA was compared in 32 adults and 32 children from the
SMARTFAMILY study to examine if differences in these measurement tools are systematic. PA
was collected during two separate measurement weeks and the relationship for each quality criteria
was analyzed using Spearman correlation. Results showed the highest PA values for questionnaires
followed by 10-second and 60-second epochs measured by accelerometers. Levels of PA were
lowest when measured by diary. Only accelerometry demonstrated reliable, valid, and stable re-
sults for the two measurement weeks, the questionnaire yielded mixed results and the diary showed
only few significant correlations. Overall, higher correlations for the quality criteria were found
for moderate than for vigorous PA and the results differed between children and adults. Since the
differences were not found to be systematic, the choice of measurement tools should be carefully
considered by anyone working with PA outcomes, especially if vigorous PA is the parameter of

interest.

Keywords: self-report, device-based measured, physical activity, reliability, validity, stability
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Introduction

Insufficient physical activity (PA) is a high-risk factor for non-communicable diseases in modern
society (Lee et al., 2012) and is linked to an overall increased mortality rate (Kohl et al., 2012).
This in turn leads to a high economic burden worldwide (Ding et al., 2016) and calls for a system-
atic approach to increase PA. To counteract the insufficient PA levels, the world health organiza-
tion (WHO) has continuously put PA guidelines into place (Bull et al., 2020). One of the main
challenges with these guidelines is to classify someone as sufficiently active since PA can be meas-
ured in various ways Yyielding different outcomes (Dyrstad et al., 2014; Hagstromer et al., 2010;
Hukkanen et al., 2018; Skender et al., 2016). Unfortunately, there is no basic solution as van Hees
described in a recent blog post (van Hees, 2021). According to him, PA is defined by the meas-
urement method used and guidelines represent the average results of a variety of different methods
which is not feasible to apply to the conception of intervention studies (van Hees, 2021). This is
especially important if the study aims to use a personalized approach like just-in-time adaptive
interventions (Hardeman et al., 2019) or aims to compare the result to common PA guidelines
which both strongly depend on comparable data. The previous World Health Organization (WHO)
guidelines (World Health Organization, 2010) were mainly based on data revealed by studies using
subjective assessment methods, e.g. questionnaire data from the Global Physical Activity Ques-
tionnaire (Armstrong & Bull, 2006) and the frequently used International Physical Activity Ques-
tionnaire (IPAQ) (Craig et al., 2003) with both showing low to strong correlations (lower correla-
tions for moderate PA (MPA) than vigorous PA (VPA)) in previous studies (Fiona C. Bull et al.,
2009; Herrmann et al., 2013). Using self-report assessments is convenient in large samples but the
results are inconsistent due to either over- or underreporting of PA (Skender et al., 2016). To coun-
teract recall-bias, other self-report, as well as methods like PA diaries and, with new technological
advances, ecological momentary assessments are used due to their timeliness and a smaller Black-
box due to multiple measurements, which in turn increases the burden for participants due to more
frequent reports (Dunton, 2017; Hukkanen et al., 2018; Sattler et al., 2021). The most recent WHO
guidelines adapted the recommendations according to findings from studies using accelerometry,
pedometer, and other device-based measurements which found that PA bouts of less than 10
minutes (not monitored by most PA questionnaires) also qualify to boost health benefits (Bull et

al., 2020; Troiano et al., 2020) while they remove the recall bias (Anastasopoulou et al., 2014).
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Furthermore, the rising interest in short-time intermitted V' PA for health benefits with a reduced
time requirement is especially difficult to monitor using self-reports (Stamatakis et al., 2020).
However, to gain reliable measurements of PA, the sensors should be worn long enough to accu-
rately represent the measurement duration of interest (e.g. eight hours a day for at least four days
can accurately represent one measurement week) (Burchartz et al., 2020; Stamatakis et al., 2020).
Even though a wear time of 24 hours per day is described to be the most accurate assessment
method for overall behavior throughout the day (i.e. sleep, sedentary behavior, and PA) (Burchartz
et al., 2020), accelerometers are rarely attached to the body for this duration and therefore meas-
ured PA can be impacted by wear-time bias (a wear-time of 8 to 10 hours is commonly assumed
to be sufficient (Burchartz et al., 2020) but PA can occur during the non-wear-time and therefore
PA is likely to be underestimated as compared to real PA during 24 hours). While wearables like
Fitbit can easily be attached to the body for 24 hours, they are mainly designed for commercial
purposes, show limited validity and reliability, and can only provide accurate step counts in adults
under certain conditions (no mobility limitation and worn at the torso) but not for energy estimation
(Feehan et al., 2018). In accelerometers, the use of different sensors, algorithms, cut points (point
which determines PA intensity) and epoch lengths (e.g. raw data, 1 second, 10 seconds, 60 sec-
onds) used in measurement and analysis of PA has a high impact on PA estimations, depends on
the age group (e.g. recommendation for the use of shorter epochs in children (Edwardson & Gorely,
2010)) and complicates comparison between different studies (Edwardson & Gorely, 2010; Mi-
gueles et al., 2019; Orme et al., 2014). Here, the choice of epoch length is especially important in
detecting VPA and inactivity in children (Edwardson & Gorely, 2010) due to their highly inter-
mittent PA patterns (Livingstone et al., 2003). Even though PA patterns in adults are often linear
(i.e. less short duration and high-intensity PA) and PA, therefore is believed to be not as susceptible
as children’s PA, the use of different epoch lengths alone can also change moderate to vigorous
PA estimations in adults due to the smoothing of PA intensity with the use of longer epochs (i.e.
10-second vs 60-second epochs) (Edwardson & Gorely, 2010; Orme et al., 2014). Thus, each ap-
proach has its own challenges and there is currently no gold standard to measure PA if using ac-
celerometry, questionnaires, or diaries (Slootmaker et al., 2009), even though best practices to
handle these issues are currently discussed (Burchartz et al., 2020). Comparing these measurement
methods (i.e. accelerometry, diary, and questionnaire) is therefore challenging and requires further

data on their relationship between each measurement method and it is important to evaluate if the
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relationship is consistent over time (i.e. over two measurement periods) under consideration of

multiple aspects.

To gain further insights into the issue at hand, statistical quality criteria of the different methods
have to be considered (Patterson, 2000). Thereby, test-retest reliability (in the following referred
to as reliability) shows good to excellent intraclass correlation coefficients for accelerometry (for
everyday activity) (Sirad, John, R. et al., 2011). Furthermore, the evaluation of the reliability of
self-report questionnaires (i.e. GRAQ (Herrmann et al., 2013) and IPAQ (Craig et al., 2003)) and
a PA diary (Williams et al., 1989) also indicate good to excellent reliability, while others found
poor reliability in some metrics of the GPAQ (Riviere et al., 2018). Measures of agreement (in the
following referred to as validity) expressed by the correlation between self-reported and device-
based measured PA, show an overall low agreement, are influenced by age and gender and self-
reported results are often overreported when compared to device-based measurements especially
for VPA (Fiona C. Bull et al., 2009; Herrmann et al., 2013; Skender et al., 2016). One study which
compared PA data measured by accelerometry, diary, questionnaire, and interview in adults
(N=1916) found that the comparison between the device-based measured and self-reported meet-
ing of PA recommendation at one measurement period yielded only 12% agreement based on
pairwise comparisons (Hukkanen et al., 2018). Other studies that analyzed test-retest reliability at
several timepoints and included diaries (Pols, Margreet, A., Peeters, Peter, H., M., Ocké, Marga,
C., Bueno-de-Mesquita, H., Bas, et al., 1997; Pols, Margreet, A., Peeters, Peter, H., M., Ockég,
Marga, C., Slimani, et al., 1997) or accelerometer (Cust, Anne, E. et al., 2008; Lubans, David, R.
et al., 2008; Trinh, Oanh, T., H. et al., 2009) to analyze the validity at one or all measurement
periods also reported good test-retest reliability but only acceptable or comparable validity show-
ing that comparing PA results of different measurement methods should be done with caution.
These discrepancies indicate the difficulty of the interpretation for sufficient PA using different

methods.

However, even though differences between measurement tools are frequently reported through-
out several studies (Dyrstad et al., 2014; Hagstromer et al., 2010; Hukkanen et al., 2018; Sloot-
maker et al., 2009), there are, to the best of our knowledge, currently, no studies analyzing whether
these differences are systematic (i.e. high correlation for the paired differences between the meas-

urement methods between two separate measurement weeks) for PA levels measured via
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accelerometry, diary, and questionnaire for adults, children, and adolescents (in the following re-
ferred to as children). If these differences could be shown to be consistent over time, this would
strengthen the interpretation and comparison, and use of different PA data in intervention studies,
in between different studies, and regarding PA guidelines. Here, longitudinal data may represent
a more consistent picture of PA, allowing to detect time-stable differences regarding the amount
of PA between the different methods.

Therefore, the current study aimed to examine the stability of the pairwise differences between
three PA measurement methods (i.e. accelerometry, diary, and questionnaire) and the influence of
different evaluation techniques (i.e. epoch lengths of 10 seconds and 60 seconds for accelerometer
data for MPA and VPA in adults and children between two independent measurement weeks in an
explorative manner. A secondary aim was to analyze the reliability of the above-mentioned meas-
urement methods and to assess the validity of those methods.

Materials and Methods
Participants and procedure

Participants were eligible for this study if they represented a family with at least one child and one
adult who were living in a common household. In total, 74 adults and 74 children participated in
the SMARTFAMILY (SF) trial which consists of a theory- and evidence-based mHealth interven-
tion and targets health behavior change in families (further information are described in the study
protocol (Wunsch et al., 2020)) and all participants of the control group (32 adults age 37 — 55
years and 32 children age 5 — 19 years) were eligible for the present study. Full ethical approval
was obtained for SF. All participants, children, and legal guardians provided written informed
consent prior to commencing the study by signing the informed consent form (The International
Registered Report Identifier (IRRID) for the SF study is RR1-10.2196/20534.). The trial was con-
ducted in accordance with the Declaration of Helsinki.

Participants were recruited in schools, school holiday programs, music schools, sports clubs,
via personal communication and via newspapers and email-distribution lists. Participants were
cluster-randomized to an intervention group and a control group. Whereas the intervention group
received a three-week mobile health intervention between the two measurements, families of the

control group had a three-week waiting period without any intervention. Baseline (To) and post-
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intervention (T1) data of the control group were used for this study because the intervention might
have influenced PA sampling at T1. Data collection at To and T consisted in the measurement of
PA by accelerometer, diary, and questionnaire over one week which was identical for To and T
(which were at least three weeks apart). For children, the inclusion of questionnaire data was not
feasible for this study due to the use of a questionnaire without the indication of minutes per week
for PA (Sixty-Minute Screening Measure (Prochaska, Judith, J. et al., 2001)) which is also not
comparable to the new PA guidelines which recommend an average of 60 minutes PA per day for
children (Bull et al., 2020).

Measurements
Accelerometer

Hip-worn (right side) 3-axial accelerometers (Move 3/ Move 4, Movisens GmbH, Karlsruhe, Ger-
many) were used to continuously record PA (see supplement Figure 1). These accelerometers are
scientific research instruments with a measurement range of +16g, an output rate of 64 Hz, physical
dimensions of 62,3mm x 38,6mm x 11,5mm, weight of 25g, and custom epoch lengths (i.e. 10 sec
and 60 sec). Data is recorded in a rare format (64 Hz) and afterward summarized in the epoch
lengths of choice. Epoch lengths were chosen to represent the most common used epoch length
(60 sec) which was mainly used due to limited storage in the past, and a shorter epoch length (10
sec) as shorter epoch lengths are believed to be more appropriate to estimate VPA and to assess
PA in children due to intermittent movement behavior (Burchartz et al., 2020). Validity has been
evaluated for a previous version of the accelerometer (Move 2) which uses comparable digital
signal processing as the move 3/4 (Jorg Ottenbacher, personal communication, March 16, 2021)
and has been considered accurate for assessing steps (Anastasopoulou et al., 2013) and energy
estimation (Anastasopoulou et al., 2014; Hartel et al., 2011) in adults. Handling of the accelerom-
eter was explained and demonstrated by a study instructor and participants were instructed to wear
the accelerometer during wake-time and to remove it only for taking a shower, swimming or during
certain sports involving bodily contact to minimize the probability of injuries. Outcomes for the
accelerometer which were used for this study were MPA (3.0-5.9 MET) and VPA (> 6 MET) (light
PA was not considered because the questionnaire has no comparable measure) for all participants.
MET values were calculated based on activity class (based on acceleration and barometric signals)

which determines the estimation model. Afterwards, movement acceleration, altitude change, and
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demographics were combined in the model for the MET estimation (Hartel et al., 2011) (see sup-

plement Figure 2).

Accelerometer data were included if a minimum wear time of at least 8 hours a day for at least
4 of the 7 days during the measured week was obtained. Non-wear time was calculated on the
accelerometer in 30-second intervals. The non-wear time detection was based on an algorithm that
used accelerometry and temperature signal over a 10-minute window to distinguish between wear
time, non-wear time, and sleep as described elsewhere (Barouni et al., 2020). For valid measure-
ments, the average of MPA and VPA per valid day was multiplied by 7 to represent the total

minutes per week.
Diary

A daily PA diary was filled in by all participants complementary to wearing accelerometers indi-
cating date, time and type of activity, duration, and perceived intensity on every single day within
the two measurement weeks. Each activity was recorded separately and participants were in-
structed to rate the respective PA intensity as either light (no perspiration or shortness of breath),
moderate (some perspiration and shortness of breath) or vigorous (profound perspiration and short-
ness of breath). Participants were asked to report all PA with a duration of more than 10 minutes.

Analogous to accelerometry outcomes, MPA and VPA were summarized as total minutes per week.
Questionnaire

At the end of each measurement week, adults were asked to fill in the German short version of the
IPAQ (Mader et al., 2006) which is available at the IPAQ website (Downloadable Questionnaires
- International Physical Activity Questionnaire, 2021), asking retrospectively for activities during
the previous week. The results of the question relating to minutes spent in MPA (comprising of
moderate activity and walking (IPAQ Research Committee)) and VPA were calculated for this
study by multiplying the reported amount of days with the reported duration of the indicated ac-
tivity per day. Therefore, the outcomes MPA and VPA were also recorded as total minutes per
week. Children completed the Sixty-Minute Screening Measure (Prochaska, Judith, J. et al., 2001)
for moderate to vigorous physical activity which yields binary results (sufficiently active vs insuf-
ficiently active according to the previous WHO guidelines (World Health Organization, 2010))

and was not included in this study to maintain total minutes per week as a unit. Therefore, all
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results referring to the questionnaire are limited to adults. Additionally, questions about age and
anthropometry were included in the questionnaire among others (see the study protocol for detailed
information (Wunsch et al., 2020)).

Statistical analysis

To compare the mean differences for the four PA measures (i.e. accelerometry with 10 sec and 60-
sec epoch lengths, diary, and questionnaire) between To and Ty, the differences between both meas-
urement time points were calculated in total minutes per week for MPA and VPA for all combi-
nations (i.e. six combinations for adults and three combinations for children) and defined as new
parameters (ranging from -607.17 to 398.29 min/week) at each measurement week. If one of the
original parameters included missing data, the parameter expressing the difference was also con-
sidered as missing data for the participant. Additionally, test-retest reliability for each parameter
between To and Ty and a validity measure by pairwise comparison of all parameters at both To and

T1were calculated (see Figure 1).
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Figure 1. Study design. Displayed are the calculated combinations for validity (blue brackets) and relia-
bility measures (red arrows) for the secondary aims concerning the parameters (from top to bottom) accel-
erometry using 10-second epochs and 60-second epochs, a physical activity diary, and the International
Physical Activity Questionnaire. The main aim consisted in comparing the difference in total minutes for
each bracket from Ty to T; (black).
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Figure 2 has been created using RStudio (R Core Team, 2020) and the ggplot2 package (Wickam,
2016), following the instructions of Allan and colleagues (Allan et al., 2019). Statistical analyses
were performed in RStudio using the RVAideMemoire package (Maxime Hervé, 2020). Descrip-
tive characteristics of all participants are displayed as means with standard deviation (SD). The
degree of agreement for all calculations was assessed using the Spearman correlation coefficient
(rs) by the cor.test() function in RStudio since the data differed significantly from a normal distri-
bution in the Kolmogorov Smirnov test, which was confirmed via visual inspection of the distri-
bution in histograms. First, rs values between To and T1were calculated between the pairwise dif-
ferences of all parameters to indicate the stability of these differences (main aim). Then, rs values
between To and T1 were computed for each parameter separately to indicate test-retest reliability
(secondary aim). Afterwards, rs values for the pairwise comparison between all combinations of
parameters at both To and T1 were computed for a measure of validity (secondary aim). Afterward,
Confidence intervals were added by using bootstrapping (n=1000). All calculations were per-

formed for children and adults separately and pairwise deletion was used for each calculation.

rs were interpreted under consideration of the 95% confidence intervals as recommended by
Schober, Boer, and Schwarte (Schober et al., 2018). The level for significance was set a priori

to .05 and was based on the correlation and not on the confidence intervals.
Results
Participant characteristics

The data of 32 adults and 32 children was used in this study. Characteristics of the participants are

presented in Table 1.
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Table 1. Characteristics of the participants. Displayed are the number of participants (N), means, and stand-
ard deviations (SD) for the parameters gender (male/female), age in years (y), height in centimeter (cm),

and weight in kilogram (kg).

Adults Children
Parameter

N Mean (SD) N Mean (SD)
Gender (m/f)  11/21 - 15/17 -
Age (y) 31 47.90 (4.44) 32 13.22 (2.94)
Height (cm) 31 170.42 (8,52) 31 162.68 (17.61)
Weight (kg) 31 72.74 (13.27) 29 51.10 (14.10)
BMI (kg/m?) 31 24.97 (3.62) 29 18.96 (2.94)

Physical activity outcomes

The descriptive results of PA measurements at To and T1 and corresponding reliability and validity
measures (rs) are presented in supplement 1 (supplement Tables 1 to 4). Figure 2 A/B visualize the
descriptive PA level measured by each measurement tool for adults and Figures 2 B/D for children.
Overall, the descriptive values show the highest PA values for the IPAQ, followed by accelerom-
etry with 10-second epochs and 60-second epochs, and the lowest PA values are reported for the
PA diary. These results are consistent for MPA and VPA in both adults and children except for
VPA in children where the PA diary shows the highest PA values. MPA in Ty is higher in all

measures compared to T1 whereas VPA values are only consistently lower in children at T;.
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Figure 2. Descriptive means of moderate physical activity (MPA) in adults (A) and children (B) as
well as vigorous physical activity (VPA) in adults (C) and children (D). Displayed are the results (inde-
pendent measurements, distribution, and box-plots) of the physical activity diary (Diary), accelerometry
with 60-second epochs (Acc60), accelerometry with 10-second epochs (Accl10), and the International Phys-

ical Activity Questionnaire (IPAQ) for two independent measurement weeks (TO and T1) in minutes per
week.

Stability between the differences of the parameters at the two measurement weeks
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Table 4 presents the rs for the differences in minutes per week of all parameters compared from To

to T1 for adults while table 5 shows the results for children.

The differences in the amount of PA gathered by accelerometers using 10 second and 60-second
epoch lengths showed a significant relationship for both adults and children in MPA and VPA

between To to Ti.

Significant associations of the differences between accelerometry and diary were found for
MPA, but not for VPA, measured by 10-second epochs, and PA diary for adults. For children,
there was a significant relationship between the differences of accelerometry using 10-second
epochs and the PA diary for VPA, but not for MPA, between To and Ty with a lower confidence

limit below zero.

The differences between accelerometry and the IPAQ were significantly related for both 60

second and 10-second epochs concerning MPA but not for VPA.

No significant association at all was found for the differences of the diary and IPAQ between
Toand Ti.
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Chapter 3 Choice of physical activity measurement

Test-retest reliability

Adults' MPA measured by accelerometry at To shows a significant relationship with MPA meas-
ured by accelerometry at T1 with the lower confidence interval limit of rs > .5 at both epoch lengths.
For children only VPA at 10-second epochs showed a similar effect. The other accelerometry

measures also show significant correlations but lower confidence limits.

For the diary-based PA, adults PA has no significant relationship between To and Ty while

childrens’ PA shows a significant relationship with the lower confidence limit of around 0.

PA measured by the IPAQ at To has a significant relationship with PA measured by the IPAQ

at T1 for MPA with a lower confidence limit of around .1.
Validity

Additional analysis of pairwise rs between all methods at each To and T1 showed a significant
relation between 10 and 60-second epochs at Toand Ty for both children and adults with the lower
confidence limit above .7 for both MPA and VPA (see Supplement Tables 3 and 4). The IPAQ
showed a significant relationship to accelerometry for VPA (compared to 10-sec epochs and PA
diary) with lower confidence limits of around 0 only at To. No further significant relations were

found between the parameters at neither measurement week.
Discussion

This study aimed to examine the reliability, validity, and stability of a PA questionnaire, a PA
diary, and accelerometry using 10 and 60-second epochs for MPA and VPA in adults and children
over two measurement weeks. The main result evoked the stability of differences to be an inter-
esting additional measure for the comparison of different measurement methods not necessarily
being in concordance with reliability and measures of validity. Overall, descriptive results consist-
ently showed that self-reports via questionnaire revealed by far the highest PA amounts, followed
by accelerometry with 10 and 60-second intervals. The lowest amounts were detected for PA meas-
ured via diary for both MPA and VPA in adults and children with a large variance in the results of
each measurement tool. Only device-based measured PA showed reliable, valid, and stable results
for the two measurement weeks for both epoch lengths. The IPAQ yielded mixed results and the
PA diary showed few significant relations for stability in adults and mixed results in children.
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Quality criteria
Stability

The comparison of the pairwise differences between To and T1 showed stable results for almost all
comparisons in adults’ MPA. For children, stable MPA differences were found for 10 and 60-
second epoch lengths and the diary (which did not reach statistical significance but indicates rs of
0.4). VPA mainly showed a significant correlation between the two epoch lengths in adults and
children, while 10-second epochs were only associated with the diary in children. Taken together,
the stability results showed significant results for all parameters also demonstrating high reliability
and validity, which was to be expected. No stability was found for parameters with low reliability
and significant validity (i.e. adults VPA 10 second epochs to IPAQ and diary to IPAQ). However,
some measures also showed significant stability where no validity, and in one case where neither
reliability nor validity, was found to be significant. This indicates the importance of the relation-

ship over time because these results would have been missed without a stability measure.

These results show that the relation between the measures including self-report differed be-
tween the measurement weeks and are therefore not stable over time which gives reason for con-
cern in the comparability of these measures (as indicated by validity as well). However, the com-
parison of device-measured PA and the diary in children indicates some stability which might
show that the diary is more feasible for children than for adults and strengthens the point that
children’s structured PA might be easier to determine using self-report. Additionally, the descrip-
tive values showed that only the comparison of 10 to 60-second intervals in children yielded min-
imum and maximum values without a change of signs indicating that these differences were ex-
posed to intraindividual variations for most of the device based measured results and are not 100%
consistent even though they are highly related (i.e. comparison of 10 to 60-second intervals). These
findings have to be treated with caution and need to be reevaluated due to the limitations listed

below.
Reliability

Test-retest reliability of both epoch lengths indicated that the present data of two measurement
weeks represented comparable weeks of everyday life concerning PA. This was partially con-
firmed by the IPAQ (only for MPA) and the PA diary (only for children). This finding differed
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from other studies which found the IPAQ and PA diaries to also yield reliable results (Craig et al.,
2003; Williams et al., 1989). The true amount of PA remains unknown, as is the case with all
estimates, but the reliability of accelerometry can be seen as a benchmark indicating that both
weeks are comparable. This, however, thrives the question of why the self-reported measures
showed limited reliability in our sample. One reason could be that the perception of PA load
changed for participants between To and Ty, e.g. because they were bored of the repeated questions
or they reflected more about their PA the second time. The reason why children’s PA diaries show
some reliability might be that they showed higher VPA in all comparable measures. This might be
indicative for the circumstance that the children in our sample engaged to a high amount in struc-
turally organized VPA (e.g. training in a sports club, school sport lessons) which is easier to doc-
ument in a diary than short and intermittent bouts of occasional VPA during everyday situations
(e.g. playground), which was previously reported to represent the nature of VPA in children (Ed-
wardson & Gorely, 2010). Finally, the actual PA might also have changed, even though the device-
measured results were reliable, which can, however, not be evaluated in the present study because

no gold standard of PA measurements has been assessed.
Validity

Unsurprisingly, PA evaluated by 10 and 60-second epoch showed a high and consistent validity
among each other for both MPA and VPA at To and T; for adults and children despite their indi-
cated total amount of PA differed descriptively. Total values were consistently higher for 10-sec-
ond intervals than for 60-second intervals, depended on the population and PA intensity (differ-
ences: adult MPA: 42-47%, VPA: 46-82%; children: MPA: 14-18%, VPA: 50-56%), even though
adults are thought to have longer intervals of PA which should be stable for different epochs (Orme
et al., 2014). To illustrate this issue with an example: If a person is moving up one level of stairs
rather fast in 20 seconds and stops at the top to have a conversation with a colleague, the use of
10-second epoch length would detect 10 to 20 seconds of VPA while the use of 60-second epochs
would calculate the mean over this longer time period and end up with light or MPA (the total
metabolic equivalent (MET) would not differ between the epochs, but classification would).
Therefore, the high changes in MPA for adults, in this case, may have arisen from a switch of
MPA to light PA in the longer epochs because of multiple occasions where MPA lasted less than

one minute (e.g. walking short distances in the office).
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This supports the importance to consider the impact of epoch lengths on PA outcomes as men-
tioned in previous studies (Edwardson & Gorely, 2010; Orme et al., 2014). Here, in line with the
credo of “every move counts” (Bull et al., 2020) it is recommended to choose shorter epoch lengths
as these might capture short bouts of MPA and VPA more sensitively than longer epoch lengths.
Concerning the validity of the self-reported measures, the IPAQ was associated with 10-second
epochs, and the PA diary at To for adults” VPA and no further comparison of measurement tools
showed a significant result, not supporting weak correlations found in previous studies (Craig et
al., 2003; Hagstromer et al., 2010). Descriptive results from the PA diary indicate the lowest re-
ported MPA and VPA (except for children VPA), while the IPAQ showed the highest PA results,
which was also found by Hukkanen and colleagues in adults (Hukkanen et al., 2018). One reason
for the difference between the self-report measures in the current study could be that participants
were instructed to classify their PA in the diary as light, moderate or vigorous while only MPA
and VPA were included in this study. Since the IPAQ, has no measure for light PA, participants
might have classified their light PA in the diary as MPA in the IPAQ. This might be responsible
for the high MPA values reported by the IPAQ but this does not explain the high discrepancy in
results for VPA in adults where the PA diary also showed the lowest values. This implies the
importance that all measurement methods in a study include the same outcome variables, espe-
cially if the measurement methods are compared to each other. A further complication with the
PA diary was that there has been no indication included if the diaries have been filled out daily or
at the end of the week and that there was no distinction between missing values and no PA. Fur-
thermore, indicating if the accelerometer was worn during the PA which was documented in the
diary would have allowed a more detailed impression of discrepancies and the true value of PA
during the week. This will be accounted for in the SF2.0 study (Wunsch et al., 2020).

General discussion

The results of the current study are mainly in accordance with the current literature indicating
higher reliability than validity for the three measurement tools (Dyrstad et al., 2014; Fiona C. Bull
et al., 2009; Hagstromer et al., 2010; Herrmann et al., 2013; Hukkanen et al., 2018; Skender et al.,
2016; Slootmaker et al., 2009; Williams et al., 1989) and revealing that the epoch length influences
PA estimations (Edwardson & Gorely, 2010; Orme et al., 2014). In contrast to earlier results, we

found limited reliability for the PA diary and the questionnaire in adults’ VPA. The inclusion of
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stability shows more stable results in children than in adults, especially for the diary, and adults’
VPA is only stable if the two epoch lengths are compared. This has important implications for the
use of these measurement tools. Based on current results, future research should further explore
the stability between different measurement tools over time to gain further knowledge about the
relationship, trying to find a solution to compare single measurement methods to the mixed-
method approach in the WHO guidelines. Moreover, different assessment methods should be used
which can complement each other like ecological momentary assessment and accelerometry. Re-
searchers should be aware of the limitations of and within each measurement tool and ensure that
it is the best fit for the purpose in question. Hence, differences between adults and children in PA
research should be considered to deepen the understanding of these differences. Future studies
should also aim to create comparable data sets with clear and thorough reporting of outcomes to
enable the merging of data in order to be able to compare more subgroups and different settings.
Here, it might be helpful to provide a relative amount of PA compared to the wear time or 24-hour
measurements in order to compare results between participants in greater detail in future studies.
In order to confirm and refine our findings, a replication study with data from the SF2.0 trial with
a feasible questionnaire for children and the GPAQ for adults will be conducted in the future
(Wunsch et al., 2020).

Strengths and Limitations

The main strength of the current study is the concomitant use of all measurement methods (i.e.
accelerometry, questionnaire, and diary) within the same time frame and that they were repeated
in the same manner without any intervention in between. Furthermore, both measurement weeks
represented an everyday week (i.e. no measurements during holidays), which enhanced compara-
bility. Including reliability and validity as secondary aims in this study helped to interpret and
understand the stability results more accurately. This is especially important as results showed
reliability and validity to differ from stability results in some cases. Furthermore, the inclusion of
data from both adults and children allowed us to analyze differences between these populations.
Here, further distinctions between children and adolescents will be interesting to examine in a
larger sample. Finally, the use and detailed reporting of multiple measurement tools strengthened

the explanatory power of results and allowed for comparison with existing research.
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However, there are some limitations to mention. First of all, the true value of PA is unknown and
each measure is just an estimate of PA as, for example, no 24-hour measurements of energy ex-
penditure via indirect calorimetry or throughout observation of activity patterns has been recorded
(Burchartz et al., 2020). Evaluating the relationship between the different parameters is even more
complicated as most questionnaires and PA diaries only ask to report PA with a duration of at least
10 minutes (or even asking for PA over or under 60 minutes (Prochaska, Judith, J. et al., 2001)).
With the new WHO guidelines for PA (Bull et al., 2020), self-reports have to be adapted to indicate
guideline adherence in larger samples and to be comparable to accelerometry data (Troiano et al.,
2020). This might be achieved by removing the wording of reporting only 10 minutes of PA which,
however, would increase participant burden and limit adherence due to more detailed reporting

requirements and the possible benefit will have to be evaluated in future trials (Troiano et al., 2020).

Another limitation is the rather small sample size which is further divided into adults and chil-
dren. This limits the generalizability of results and the exploration of subgroups e.g. divided by
gender or evaluating results for children or groups of different PA levels separately. Comparisons
were also limited as there was no feasible questionnaire included for children in this study. Fur-
thermore, the four-day measurement criteria including eight hours a day might have impacted the
measured PA values even though it is assumed to be a sufficient measurement duration (Jacobi et
al., 2009), increased the convenience for participants, and allows for reduced loss of data while
maintaining reliable data (Colley et al., 2010; Toftager et al., 2013). Furthermore, sedentary be-
havior was not included in this study, even though the updated WHO recommendations include
these important measures (Bull et al., 2020). However, hip-worn accelerometers only capture in-
active behavior, but not sedentary patterns (e.g. sitting, lying (Giurgiu et al., 2020)) as has been
discussed elsewhere (Kuster et al., 2020). To gain a fair impression of these parameters and to
cover all 24 hours of the day, future studies should include the comparison of the outcomes for
sedentary behavior and light PA under consideration of non-wear time within a 24-hour measure-
ment approach to evaluate shifts between physical activity levels (e.g. if a higher amount of VPA

occurs due to less non-wear time or less SB) (Rowlands et al., 2019).

Finally, because data differed significantly from a normal distribution and especially VPA was
skewed due to many low values, no intraclass correlation coefficients could have been calculated,

which would have been more accurate as they comprise the total mean value of the measure in the
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equation (Koo & Li, 2016; Liu et al., 2016). Due to the large number of comparisons, the use of
Bland Altman plots as an alternative method for such comparisons (Giavarina, 2015) would be
fairly interpretable and was therefore not feasible in our study which used an explorative approach.
Future studies should consider a more specific approach with fewer comparisons by formulating
clear hypotheses for the present results (e.g. stability for MPA in adults) and use Bland Altman

plots to analyze the data in greater detail.
Conclusions

Based on the results of the current study, a comparison between PA estimations (especially for
VPA) measured by different tools should be carried out with caution and only if all measurement
methods include the same outcome parameters over the same period of time. Here, it needs to be
stressed that everyone working with PA values (e.g. scientists planning and conducting PA studies,
practitioners giving detailed health-related PA advice, and consumers trying to estimate if they are
sufficiently active compared to the guidelines) should carefully consider the measurement tool to
be suitable for the purpose in question because considerable discrepancies in results can be de-
tected. Furthermore, it is crucial to use standardized reporting to enhance the comparability of the
data (e.g. for future meta-analyses) (Fiedler et al., 2020). Finally, self-reported measures can offer
additional contextual information of PA in a timely manner by using e.g. ecological momentary
assessments (Reichert et al., 2020; Sattler et al., 2021) to further refine our understanding of PA
and may lay the foundation for personalized intervention approaches like just-in-time adaptive
interventions (Hardeman et al., 2019) in the future.
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Abstract

Mobile health (mHealth) solutions seem to be a promising approach to tackle sedentary lifestyle
in modern society. They have the potential to identify situations when people are likely to engage
in an unhealthy behaviour or when they face opportunities to perform healthy behaviours. These
situations can serve as triggers to manipulate current behaviour, defined as just-in-time adaptive
interventions (JITAIS) by using real-time behavioural data. The current position paper aims to
provide a “think piece” by synthesizing evidence into a short conceptual overview of JITAI re-
search by creating a framework and discussing future directions of JITAI research with a focus on

PA interventions.

In conclusion, JITAIs are a promising feature in mHealth applications, however showing a lack
of theoretical underpinning until today. To summarize evidence on JITAl implementation research
and to provide some guidance, the following key features were identified: a JITAI should 1) cor-
respond to real-time needs; 2) adapt to input data; 3) be system-triggered; 4) be goal-oriented; and
5) be customized to user preferences. These features aim to provide first insights into how to guide
researchers and practitioners when developing and reporting JITAI features implemented in
mHealth interventions. Concluding from the existing knowledge, the potential of machine learning
and deep learning principles for JITAIs regarding mHealth should be further explored and estab-
lished.
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Introduction

Physical activity (PA) plays an important role in the prevention of noncommunicable diseases like
cardiovascular diseases, diabetes and obesity (Penedo & Dahn, 2005). Levels of PA, however, are
frequently found to be insufficient in modern society (Blair, 2009; Woll et al., 2011). Here, mobile
Health (mHealth) interventions might be a promising approach to change PA behaviour and to
reduce sedentary behaviour patterns (SBP) operationalized by minimal PA (i.e. PA of less than 1,5
MET) (Fiedler et al., 2020). Several key aspects have been shown to increase intervention efficacy
when included in mHealth app development. One of these key components refers to the provision
of behaviour change support in real time that is matched to when users are most capable of or in
need of this support (Schembre et al., 2018). Various publications have used different terms to
describe interventions that adapt the provision of support to an individual’s changing internal and
contextual state. Analogous to Hardeman and colleagues (2019) as well as Nahum-Shani and col-
leagues (2018), the term just-in-time adaptive intervention (JITAI) is used throughout this position
paper, referring to the potential to immediately intervene in situations when people are either likely
to engage in an unhealthy behaviour or when they face opportunities to perform healthy behaviours
and adapt these interventions to tailoring variables (e.g. user preferences or sensor input).

The current position paper aims to a) summarize existing conceptualizations of JITAIs, to b)
provide a comprehensive overview of JITAI features and mechanisms and to c) provide future

directions concerning the implementation of JITAIs in mHealth research.
Theoretical foundations of JITAIs

In recent years, many widely used theories were adapted to explain within-person behavioural
variability in order to support new technology-driven interventions that can adapt over time to a
person’s real-time behaviour and needs (e.g. the Dynamical System Model of Social Cognitive
Theory; Martin et al., 2014). Since feedback as a self-regulating strategy is an important compo-
nent of successful behaviour change, tailored just-in-time feedback depicts a key facet of JITAIs
besides timeliness, goal-orientation, personalization and action-orientation (Schembre et al., 2018).
In sum, theories indicate that feedback should be personalized, goal-oriented and that it should be
presented when attention could be refocused to enhance the likelihood of goal attainment. Here,
N-of-1 methodology can be insightful in order to evaluate individual trajectories and antecedents
of behaviour change alongside JITAIs (Kwasnicka & Naughton, 2020; McDonald et al., 2017).
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Additionally, studies using ecological momentary assessments (EMASs), which are implemented
to assess a desired outcome in a specific situation and the natural setting (Stone & Shiffman, 1994),
grew rapidly during the past years (Reichert et al., 2020). The results of these studies can provide
the foundation for more sophisticated JITAIs (Dunton, 2017; Spruijt-Metz & Nilsen, 2014) and
for the application of advanced methods like machine learning algorithms (Kim et al., 2019; Maher
et al., 2021; Rozet et al., 2019). By applying such algorithms, researchers aim to automatically
detect meaningful patterns in behavioural data which is not feasible with pre-defined specifications
due to the complexity and adaptivity of these patterns (Shalev-Shwartz & Ben-David, 2014).

Integration of JITAIs into mHealth interventions

With the continuously growing field of mHealth and a high variety of different sensors and com-
munication devices, the opportunities for the development and implementation of JITAIs are man-
ifold (Reichert et al., 2020). JITAIs are especially useful for behavioural interventions to enhance
PA and reduce SBP since they offer new types of timely and adaptive support in the users’ natural
environment. Therefore, bias due to retrospective measurement methods can be diminished and
data of continuously measurements can be obtained. This is especially important as changing con-
texts (e.g. environmental factors) are highly associated with intervention effectiveness (Hardeman
etal., 2019; C. K. Miller, 2019). Although a recent review points to the potential benefit of JITAIs
as a key facet within mHealth intervention development (Fiedler et al., 2020), the current evidence
on the effectiveness of JITAIs on PA and SBP is limited (Hardeman et al., 2019; Miller, 2019).
Most existing JITAI studies show considerable methodological constraints regarding effectiveness
measures, i.e. regarding sample size, study design and reporting of JITAI features. Due to the
novelty of this research topic, most studies focus on feasibility rather than on the examination of
effectiveness in order to aggregate basic knowledge about JITAIs. As an example for a study in-
vestigating effectiveness, the MyBehaviour study is interleaving machine learning mechanisms
with multi-modal contextualised JITAI components (Rabbi et al., 2015). Here, automatically
adapting PA and dietary behaviour advice was integrated into a smartphone application. In addi-
tion, PA energy expenditure was calculated and combined with caloric advice. Moreover, envi-
ronmental information (location) was included for PA advice (Rabbi et al., 2015). Another exam-
ple study is the SMARTFAMILY study which includes a JITAI (e.g. provide prompts) along with

several other Behaviour Change Techniques (BCTs, e.g. provide information, goal setting, social
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support). Here, participants received a behavioural support message (i.e. push notification) if they
were not sufficiently active (i.e. 100 steps or 2 minutes above 2 MET) during the past hour in order
to reduce SBP and enhance PA (Wunsch et al., 2020). Thoroughly, existing studies point to a high
acceptance of JITAIs by participants (Hardeman et al., 2019) and to an improvement of user en-
gagement and adherence (Schembre et al., 2018). This, in turn, led to increased awareness of PA
opportunities, increased PA and reduced time spent engaging in SBP (Hardeman et al., 2019) in

participants using JITAI interventions as compared to no-JITAI users or no-intervention controls.
Theoretical conceptualization of JITAIs

In this position paper, three recent frameworks of JITAIs are presented and synthesized. Hardeman
and colleagues (2019) defined three key features that define JITAIs: 1) the provision of behav-
ioural support that directly corresponds to a need in real-time; 2) the adaptation of content or timing
of support according to data collected by the corresponding input system since support was initi-
ated; and 3) the system-triggered support. Nahum-Shani and colleagues (2018) distinguish be-
tween proximal outcomes (short term goals which can act as mediators to the distal outcome, e.g.
daily step count or daily SBP periods), and distal outcomes (behavioural outcome of choice, e.g.
increased PA level or decreased SBP level). These authors defined four key facets of JITAIs: 1)
decision points (frequency of opportune moments to change the target behaviour and therefore the
time at which an intervention decision is made); 2) intervention options (actions to be performed
at a decision point); 3) tailoring variables (as obtained via active or passive assessments of indi-
vidual information, determining intervention delivery); and 4) decision rules (link between the
intervention options and the tailoring variables provide the intervention at each decision point).
Based on this conceptual framework, Gonul and colleagues (2019) additionally introduced ma-
chine learning strategies to individualize decision rules for intervention implementation (i.e. se-

lecting BCTSs) based on goal achievement.

Synthesis of theoretical foundations — A holistic and comprehensive conceptual framework

for the implementation of JITAIS

As these above-mentioned conceptualizations (i.e. Gonul et al., 2019; Hardeman et al., 2019; Na-
hum-Shani et al., 2015) build upon different approaches (content, methodology), these conceptual
frameworks are synthesized in the following paragraphs in order to provide a holistic and compre-
hensive overview of JITAI features and mechanisms.
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Based on these frameworks, JITAI features were combined and synthesized, attaining a total of

five factors which should be taken into account when constituting JITAIs for mHealth research:

JITAIs should 1) correspond to real-time needs; 2) adapt to input data; 3) be system-triggered; 4)

be goal-oriented; and 5) be customized to user preferences (see Figure 1). The former three factors

are needed in order for an intervention to be defined as a JITAI intervention (Hardeman et al.,

2019), whereas number 4) and 5) are additional factors which should be included whenever pos-

sible to enhance the likelihood of effectiveness and the quality of future interventions in terms of

individual user-tailoring (i.e. personalized prevention / medicine). Subsequently, Tailoring Varia-

bles (e.g. GPS, sensor input data etc.) and Decision Points and Rules were added to the framework.

Theoretical / mHealth Special
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- Self-esteem

+» Contextual factors
(e.g. time pressure)
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Figure 1. Conceptual framework of JITAIs.

On the left, this figure indicates the Theoretical Implications of mHealth for certain Outcome variables (on

the right). Here, just-in-time adaptive interventions (JITAIs) as an mHealth Special Feature are described

thoroughly concerning their key facets Tailoring Variables and Decision Points and Rules for Targeted

Behaviour attainment. Note. PA: physical activity; SBP: sedentary behaviour pattern, BCTs: Behaviour

Change Techniques, GPS: Global Positioning System; EMA: Ecological Momentary Assessments

Hereafter, italic terms refer to Figure 1. Theoretical implications comprising of different Anteced-

ents of Behaviour (e.g. mood, sleep, weather, location, opportunity for walking in green areas) and

Society / Policy Needs determine the content of mHealth interventions. A special feature of such
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interventions are JITAIs, which use different information (i.e. Tailoring Variables) to compile a
JITAI, e.g. data derived from a sensor, or user input data. Then, Decision Points are set in order to
determine the points in time when a specific JITAI is triggered. The Decision Rules include the
designation of principles like Timing (e.g. no JITAI at night), Frequency (e.g. no JITAI if another
JITAI appeared just a couple of minutes ago), Duration (e.g. if a JITAI is ignored for a defined
amount of time, it won’t occur again for a given period of time), and BCT-related decision rules
(e.g. if the BCT “comparison with others” is completed by the user, a JITAI appears). User Input
(i.e. no Trigger during the next two hours) then lead to the decision if the JITAI is triggered and
which Trigger will be executed. Beyond these detailed determinations, Tailoring Variables and
Decision Points and Rules should finally be defined in order to evaluate whether a Proximal goal
(e.g. interruption of sitting time) is reached or not and to decide when an additional trigger is
necessary and promising in order to reach a more Distal goal (i.e. long-term behaviour change).

In the following, an example for a mHealth application using a JITALI for the distal outcome to
reduce SBP (which could be based on findings of a recent EMA study (Giurgiu et al., 2020)) by
targeting the proximal outcome to interrupt inactive periods will be provided for a more compre-
hensive understanding of the interconnection of all facets. In a basic version, this JITAI is triggered
if a) a connected sensor (e.g. an accelerometer) registers a prolonged period of a SBP (sensor input
leading to a Decision Point) and if b) the user is not sleeping (e.g. it is not night-time), didn't
receive a JITAI during the past 30 minutes, has not been sufficiently active on that day already (i.e.
has already reached his or her step goal), and has no meeting or important appointment based on
calendar entries (Decision Rules based on User Input and Tailoring Variables). If all Decision
Rules are met at that certain Decision Point, the JITAI trigger will be sent in a moment where the
user is likely to engage in an unhealthy behaviour and the intervention is promising for him / her
to change this behavior. This basic version could then be adapted according to user preferences

and other variables (weather etc.) using machine learning principles.

Taken together, JITAIs aim to positively affect a Targeted Behaviour, i.e. PA or SBP based on
well-aligned and user-specific adaptability. Setting up Proximal targets (i.e. short-term goals
which can act as mediators to the Distal outcome) can help to achieve a long-term, i.e. Distal goal
of enhancing PA and / or reducing SBP. Preliminary study results suggest that aiming at short-

term goals, receiving feedback, targeting daily life activities as well as the explanation of the
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reason for reminders and triggers leads to a high acceptance of JITAIs by participants (Hardeman
et al., 2019). Hence, implementing these features may improve user engagement and adherence
and therefore enhance behaviour change (Schembre et al., 2018). Pilot and feasibility studies also
revealed increased awareness of opportunities (e.g. to use active transportation opportunities), a
reduction of SBP (e.g. to interrupt screen time periods) and enhanced PA levels, which underlines

the potential of JITAIs to change health behaviours (Hardeman et al., 2019).
Opportunities and Challenges of implementing JITAIs in mHealth research

The implementation of JITAIs into mHealth interventions hold promising prospects for health be-
haviour change. Especially the ongoing development of more advanced and smaller devices to
continuously and objectively assess PA and SBP (as well as other health-related variables) and the
synthesis of gathered activity-data with additional sensory information (e.g. GPS, ECG, blood-
sugar, etc.) further indicate the potential to adapt interventions individually to the user (Reichert
et al., 2020).

However, the identification of Decision Points and Rules (i.e. Opportune Moment Identifica-
tion) for behavioural support depicts the Main Challenge of implementing JITAIs (Gonul et al.,
2019). Until today, the identification of the optimal number and timing of treatments generated by
the JITAI, which are accepted by and effective for users, still remains unknown and most likely
depends on the Proximal goal and the population of choice. Too frequently sent JITAIs within a
specific context, such as the working environment or within school times, may lead to disengage-
ment and/or low adherence and may increase the risk of intervention fatigue. With respect to the
implementation of evaluation studies, researchers are advised to use conceptual foundations of
JITAI research to determine the critical parameters and choices for participants which are most
promising in various settings (e.g. concerning population, duration and aim of the study, and the
Targeted Behaviour).

Additionally, there is still a need to construct personalized JITAIs comprising the inclusion of
behaviour-related (e.g. inactivity) and context-related information (e.g. weather). Here, computa-
tional science and machine learning principles offer a new perspective to personalized mHealth
interventions (Gonul et al., 2019). Machine learning strategies can include a variety of Decision
Points into intervention development allowing for context-sensitive and therefore individually tai-
lored and timely flexible support in contrast to fixed algorithms (“if then functions”). Automated
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system identification modelling can help to identify person-specific Decision Points and Rules
referring to intrapersonal states and environmental conditions (Conroy et al., 2020). This allows
for individually tailored feedback increasing the likelihood of high adherence, user acceptance and
higher levels of PA compared to fixed conventional behavioural support. However, a precise fore-
cast of individual behaviour based on system identification modelling requires an extensive data
collection prior to intervention onset to gather training data sets derived from different sources and
populations. This may impact cost-effectiveness and feasibility of study implementation within a
given timeframe for researchers. Some technological aspects also need to be considered when im-
plementing JITAIs into mHealth research, including a short durability of electronic devices due to
battery requiring demands (e.g. geolocation features). Furthermore, the necessity of continuous
wireless connection between sensors and mHealth devices have to be kept in mind for the devel-
opment of JITAIs and mHealth interventions in general (Hardeman et al., 2019), as they potentially
mitigate user satisfaction and are a source of missing data. Additionally, feasibility studies are
warranted in target groups including persons without experience in using digital media, such as
older adults. These individuals potentially need additional personal assistance or monitoring to
assure safety during PA (K. J. Miller et al., 2014).

Conclusion and Future Directions of JITAI research

The current position paper summarized the knowledge from existing frameworks about JITAIs
and synthesized and visualized knowledge into a comprehensive and holistic framework to inform
mHealth practitioners about how to implement and report on JITAIs in upcoming mHealth appli-
cations. The complexity of designing personalized interventions requires the transdisciplinary col-
laboration between engineers, computer scientists and behavioural scientists. One of the most im-
portant issues is a clear and uniform reporting, which can be informed by the key components of
our framework (see Figure 1). Furthermore, reporting should include a clear depiction of the study
design (e.g. outcomes, population and duration), methodological approach of the study (e.g. theory
used, BCTs and intervention setting) and Decision Points and Rules (e.g. precise reporting on
algorithms or deep learning mechanisms used) in order to compare different studies and to evaluate

best-practice approaches for highest effectiveness.

In conclusion, the framework of the current position paper not only provides a basis for the

development of JITAIs but also indicates variables which should be reported by JITAI studies.
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Future studies should focus on forming consensus on the different parts of the framework to be
able to provide a thorough checklist informing researchers and practioners about gold-standards

to deploy when initializing JITAI-based mHealth interventions.
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Abstract

Just-in-time adaptive interventions (JITAIS) are a promising technology-based approach for health
behavior change. This examination aimed to evaluate whether a JITAI after a period of inactivity
can enhance physical activity in the subsequent hour depending on whether the JITAI has been
answered (“"engaged" condition) compared to when the trigger was not answered ("not engaged”
condition). Data of the three-week intervention period of the SMARTFAMILY2.0 trial was used
for analysis. A total of 80 participants (n = 47 adults, 23 female; n = 33 children, 15 female) with
907 JITAI triggers were included in this examination. A JITAI was sent when the participant has
been inactive for at least 60 minutes as indicated by accelerometry. Two multilevel models were
calculated for metabolic equivalents (MET) and step count with measurements (level 1) nested in
participants (level 2) under consideration of several covariates (i.e. weekday/weekend, time of the
day, adult/child). Results indicated significantly higher MET (B = 0.08, p = .014) and step (f =
0.08, p =.022) counts in the subsequent hour for the engaged condition compared to the not en-
gaged condition within-persons (level 1). Engagement with the JITAI implemented in the
SMARTFAMILY2.0 trial yielded promising results concerning physical activity enhancement in
the subsequent hour. Here, the inclusion of further constraining factors like the availability of the
participant or the inclusion of affective and contextual variables into the design of a JITAI might

enhance the engagement in future studies.
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Introduction

One important aspect which is linked to metabolic health in children, adolescents, and adults
(Healy et al., 2008; Tremblay et al., 2011) is the avoidance of prolonged phases of physical inac-
tivity (e.g. deskwork or watching TV). This is also implemented in the most recent physical activ-
ity (PA) guidelines by the world health organization which recommended to reduce sedentary be-
havior for health benefits (Bull et al., 2020). In the context of health benefits, the reduction of
prolonged inactive phases has been shown to be positively associated with physiological health
markers like Body Mass Index, waist circumference, and plasma glucose levels in several studies
(Carson et al., 2014; Dunstan et al., 2012; Healy et al., 2008). In modern society, however, values
of physical inactivity are rising (Bull et al., 2020; Owen et al., 2010) and effective ways to change

health behavior throughout the lifespan are needed.

A promising option to deliver cost-effective interventions with a large coverage that aim to
break inactive phases are digital interventions (Vandelanotte et al., 2016). Here, mobile health
(mHealth) interventions which are described by the World-Health-Organization as “medical and
public health practice supported by mobile devices, such as mobile phones, patient monitoring
devices, personal digital assistants, and other wireless devices” (World Health Organization, 2011)
are especially promising due to increased access to digital devices worldwide (Statista, 2022). One
key facet to design effective mHealth interventions in the context of physical inactive phases is
the individual tailoring of the interventions to correspond to the participant's behavior (Fiedler et
al., 2020; Wunsch et al., 2022). A special case of individual tailoring are just-in-time adaptive
interventions (JITAIs) which can be used to interrupt physical inactive phases and enhance PA by
providing tailored messages or reminders for healthy behavior in these moments (Hardeman et al.,
2019). JITAIs have the potential to automatically intervene when people are most prone to un-
healthy behavior or have an opportunity to engage in healthy behavior and adapt these interven-
tions to tailoring variables (e.g. user preferences or sensor input) (for an overview see Nahum-
Shani et al., 2018; Wunsch et al., 2022). For a digital intervention to be defined as JITAI the
following requirements need to be fulfilled: 1) correspond to real-time needs; 2) adapt to input
data; 3) be system-triggered. This can be extended for the enhancement of effectivity by 4) be
goal-oriented; and 5) be customized to user preferences (Wunsch et al., 2022). In this regard, de-

cision points (the points in time when a JITAI can be triggered), decision rules (rules which
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determine if a JITAI is triggered at a decision point), intervention options (possible actions of the
JITAI at a decision point), and tailoring variables (sensor- or user-input that is used for adaptation)
depict the key features to design JITAIs (Nahum-Shani et al., 2018). Here, the choice of adequate
decision points and rules for opportune moments (i.e. times when participants can engage in
healthy behavior) present the main challenges in JITAI design. This is especially important, since
too many untimely triggers can affect user satisfaction while not enough triggers might not lead to
the desired health behavior change or even have adverse effects by promoting engaging with be-
havior in unintended moments (Gonul et al., 2019). This adaptation of interventions is getting more
sophisticated and promising due to technological advances in PA research (e.g. smaller and more
powerful accelerometers) (Burchartz et al., 2020) and the amount of individualization (i.e. adapt-
ing the intervention to each participants' needs) has been shown to be linked to intervention effec-
tiveness (Baumann et al., 2022).

Previous studies on JITAIs in the context of PA show promising results for a daily accumulated
PA (Rabbi et al., 2015) and that sending higher frequented JITAIs per day (after 30/60 minutes of
inactivity compared to 120 minutes) was associated with more frequent walking breaks in daily
life (Thomas & Bond, 2015). Feasibility studies point to a high user acceptance and preliminary
evidence for effectivity of JITAls while more detailed evaluation are needed (Hardeman et al.,
2019). Today, there is a lack of studies evaluating the importance of user engagement with JITAI
triggers regarding PA under free-living conditions or during mobile health interventions (Harde-
man et al., 2019). Previous studies either did not investigate user engagement, such as timely an-
swering the trigger by clicking on the notification, or focused on e.g. days of smartphone use
(Hardeman et al., 2019). Here, evaluating the momentary effect of engagement directly after the
trigger occurs is especially relevant as the JITAI is to be triggered in opportune moments for be-
havior change and a timely response is assumed to be important (Wunsch et al., 2022). The con-
sideration of different aspects of PA (i.e. device-based measured steps as a measure which is used
by most people with fitness trackers or smartwatches as a daily goal, and metabolic equivalents
(MET) as an indicator for PA intensity) is important, to distinguish between the implications of
JITAIs for health behavior change (Silfee et al., 2018).

Therefore, the current examination aimed to evaluate the effectivity of engaging with a JITAI

after a prolonged phase of inactivity (>60 minutes) on device-based measured PA (i.e. MET and
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step counts) in the hour following the trigger during a real-life intervention setting over 21 days in
both children and adults.

It was hypothesized that device-based measured step and MET counts in the 60 minutes fol-
lowing the answering of a JITAI trigger (“engaged" condition) were significantly higher within-
persons than step and MET counts in the hour where a trigger has been sent but was not answered

within 60 minutes (not engaged" condition).

Additionally, the persistence of the effect for longer time frames (i.e. 90 and 120 minutes) and
the between-person effects were exploratively examined. The relevance of the stated reason for

the previous period of inactivity has been explored descriptively.
Methods
Transparency and Openness

Data for the current within-person study origins from the SMARTFAMILY2.0 study. The detailed
study protocol of the SMARTFAMILY2.0 study can be found elsewhere (Wunsch et al., 2020).
The International Registered Report Identifier (IRRID) for the SMARTFAMILY study is RR1-
10.2196/20534 and the protocol for the current examination has been pre-registered and uploaded
to the open science framework along with the data and analysis code (https://osf.io/u9ca2/). Full

ethical approval was obtained from the Karlsruhe Institute of Technology. All participants pro-
vided written informed consent. The trial was conducted in accordance with the Declaration of
Helsinki.

Participants and Procedure

Within the main study, only families including at least one parent and at least one child who was
10 years of age or older and who were living together in a common household were eligible for
the study. Families have been cluster-randomized into an intervention group and a control group.
Both groups participated in a baseline measurement of one week, followed by a three-week inter-
vention/waiting period, a one-week post measurement, and a follow-up questionnaire four weeks
after the post measurement. During the intervention period, each participant was provided with a
smartphone and simultaneously wore a 3-axial accelerometer placed at the hip which corresponded
with the smartphone via Bluetooth Low Energy. Participants only had access to the preinstalled

SMARTFAMILY2.0 application (app) on the provided smartphone. The app included several
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behavior change techniques (e.g. providing information, and goal setting for weekly step and mod-
erate-to-vigorous PA goals) and participants received ecological momentary assessments (i.e. as-
sessing sleep quality and core affect with 4 single item questions) to collect data as part of the
study design and an event-based JITAI after a period of physical inactivity longer than 60-minutes.
All participants were instructed on app use by a researcher from the SMARTFAMILY2.0 study,
and were provided with a booklet including precise instructions on how to use the app along with
troubleshooting. Participants received a 40€ (US $46.8) online shopping voucher and an activity
tracker for every child of the family after completing the three assessments of the main study.
Participants were not compensated for answering the JITAI and related questions within the app.
Power analysis was conducted a priori and resulted in a required total sample size of N = 156
participants to detect a small-to-medium effect for the main trial (Wunsch et al., 2020). Overall, N
=192 participants were included in the SMARTFAMILY2.0 trial, indicating sufficient power.

For the current examination, only data of the intervention group (N = 98, 52% adults) during
the three-week intervention period has been included. Here, the secondary data analysis focuses
on the effect of engaging vs not engaging with the JITAI trigger on subsequent (i.e. 60/90/120
minutes following the trigger) PA in a within-person design (see figure 1).
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Figure 1. Illustration of 60/90/120-min time windows summarizing physical activity data (step count
and METSs) when (a) the JITAI trigger was answered within the subsequent 60/90/120 minutes (“"engaged"
condition) or (b) when the JITAI trigger was not answered within this time window ("'not engaged” condi-

tion).
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Measurements

Questions about age, sex, and anthropometry were included in the questionnaire of the main study

at the end of the baseline measurement (Wunsch et al., 2020).
Accelerometry

PA (i.e. step count and MET) was continuously recorded by 3-axial accelerometers (Move 3/Move
4, movisens GmbH, Karlsruhe, Germany). The accelerometers were small-scale (62.3 mm x 38.6
mm x 11.5 mm) and light-weight and were attached by a clip or at a belt to the right hip. Raw data
was sampled at an input frequency of 64 Hz and stored on an internal memory card. The accel-
erometers have been shown to accurately detect step counts (Anastasopoulou et al., 2013) and to
validly estimate energy expenditure (Anastasopoulou et al., 2014). Participants were instructed to
wear the accelerometer during wake time for the whole intervention period of 21 consecutive days
and were told to remove the sensors during showering, swimming, or during contact sports. If
participants did not wear the sensor but participated in any exercise, they were instructed to man-
ually record the duration and intensity of the exercise in the SMARTFAMILY2.0 app (data not

included in this examination).
Just-in-time adaptive intervention

We used an event-contingent scheme with JITAI triggers which were sent via the SMARTFAM-
ILY2.0 app when the participant has been detected to be inactive by the accelerometer for more
than 60 minutes (decision rule based on tailoring variables: neither <2 sensor values at >2 MET
nor 100 steps registered on the accelerometer; sensor input leading to a decision point). These
thresholds were chosen based on previous research pointing out that interrupting inactive phases
for at least one minute is associated with health benefits (Carson et al., 2014; Dunstan et al., 2012;
Healy et al., 2008) while 60 minutes instead of e.g. 20 minutes were chosen to lower participant
burden. The 60-minute time-window following the trigger was chosen to correspond to the mini-
mal frequency of decision points (triggers could only occur every 60 minutes). Triggers regarding
inactivity were inhibited for the remaining day if the participant reached at least 60 minutes of
moderate-to-vigorous PA on a respective day corresponding to PA guidelines for children (Bull et
al., 2020). Furthermore, the trigger only occurred if the participant indicated wakefulness (i.e. has

pushed the wake-up button on the app), if there were sufficient (i.e. for at least 50 of 60 minutes)
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sensor values within the past hour, and there has been no manually adjusted activity for the past
60 minutes within the app (further decision rules). The JITAI was a simple notification stating:
“You didn't move between 9:00 and 10:14. You should start moving!‘ Along with a single item
about the reason for the inactivity with four possible answers (i.e. ‘I engaged in PA but did not
wear the sensor‘, ‘I did not have any time*, ‘I did not feel like doing that‘, ‘I did not feel well®)
and a mood assessment via ecological momentary assessment (not included in this examination).
The JITAI notification prevailed until it has been answered and disappeared at midnight if it has

not been answered.
Data analysis

Regarding the PA data, raw data has been summarized in 60-second epochs using the software
DataAnalyzer, version 1.13.16 (movisens GmbH, Karlsruhe, Germany) and was processed by al-
gorithms into step and MET counts per minute, and non-wear time. MET values were calculated
based on activity class (based on acceleration and barometric signals) which determines the esti-
mation model. Then, movement acceleration, altitude change, and demographics were combined
in the model for the MET estimation (Hartel et al., 2011). Afterwards, PA and JITAI data have
been merged using RStudio (R Core Team, 2021; RStudio Team, 2021). Here, rolling sums for
60, 90, and 120 minutes of the PA data (i.e. summarizing the 60/90/120 values per minute after
the trigger) have been calculated. These variables were then matched to the timestamp when the
trigger has been sent to the participants (if the JITAI has not been answered within 60/90/120
minutes, this was defined as the "not engaged" condition as it was assumed that participants did
not react to the trigger) or to the timestamp when the trigger has been answered by the participant
(if the participants engaged with the app by answering clicking on the notification and answering
the follow-up questions within 60/90/120 minutes, this was defined as the “"engaged" condition).
PA data has been considered valid if the sensor has been worn for at least 80% of the respective
60/90/120 minutes. To avoid overlapping periods, the time between the condition (“engaged" or
"not engaged") and the condition of the following trigger has been checked and the second trigger

has been deleted if the time between the conditions was less than 60/90/120 minutes.
Statistical analysis

Different packages of R (R Core Team, 2021) and RStudio (RStudio Team, 2021) were used for
all analyzes. The package ‘ggplot2’ was used for visualizations (Wickham, 2016). Multilevel
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models were calculated using the package ‘lmerTest’ (Kuznetsova et al., 2017) with the time of
the measurement (level 1) nested in participants (level 2) to identify the within- and between-
person effects concerning the research question. The result tables of the regression analyses were
generated using the package ‘sjPlot’ (Liidecke, 2021). Two final models were calculated for 60,
90, and 120 minutes, one for each PA parameter (sum of step and MET counts per time period) as
dependent variables. Intraclass correlation coefficients (ICCs) of the null models indicated that 6%
and 8% of variance for the main model (60 minutes) of step and MET counts respectively were
due to between-person differences. Therefore, the influence of the hierarchical data structure was
confirmed as the majority of the variance was explained by within-person differences. Hence, a
multilevel approach was used. In contrast to the preregistration, the inclusion of level 3 (family)
was not tested to avoid the overcomplication of the models. Assumptions were checked using the
visualization of the ‘performance’ package (Liidecke et al., 2021). As visual inspection pointed to
no violation of the assumptions, no robust models were calculated. A hierarchical approach was
used for the inclusion of the control variables and the model fit was assessed with the Akaike

information criterion (AIC).

The dichotomous predictor condition (i.e. "not engaged™ = 0, "engaged" = 1) was included at
level 1 into the models and centered at the person-mean to estimate within-person effects (Hoffman
& Stawski, 2009). Additionally, the control variables weekday or weekend (i.€. wewd, weekday = 0, weekend =
1), and time (i.e. time of the beginning of PA dummy coded as follows: morning (reference) =
00:00:00 to 11:59:59, afternoon = 12:00:00 to 16:59:59, and evening = 17:00:00 till 23:59:59)
were included at level 1. The person-mean of the respective condition as well as population (adult
=0, children = 1) were added as a between-person control variables at level 2 into the models. All
control variables improved the model fit based on AIC and were therefore included in the final
models. In contrast to the preregistration, the reason for the inactivity was not considered as a
control variable because, in relation to the trigger, different time-windows were chosen for the
"engaged" and "not engaged" condition which allow no direct comparison between conditions (see

Figure 1).

Random intercepts were used for all models and the level for significance was set a priori to o

< 0.05. The equation of the final models was:
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Level 1 equation:

Yij = Boj + Bij * (condition);; + B, * (Wewd);; + B3; * (afternoon);; + Ba;

* (evening);; + 1;;
Level 2 equation:

Boj = Yoo T Yo1 * (mean condition); + yo, * (population); + uy;

ﬁlj = Y10
.32j = Y20
st = Y30
B4j = Yao
Results

Data availability and participant characteristics

Overall, 98 participants were included in the intervention group of the SMARTFAMILY2.0 study.
The average number of days where the app was used for each participant was 17.39 out of 21,
equating to 82.85% frequency of daily use (see elsewhere Fiedler et al., 2022). Eighty-four of those
participants received and answered at least one JITAI trigger during the 21-day intervention phase
(1274 answered JITAI triggers) and were included in this examination. Controlling for sufficient
wear time (> 80%) in the 60/90/120 minutes following either the answering of the JITAI ("en-
gaged" condition) or the sending of the JITAI ("not engaged” condition) led to 80/78/77 partici-
pants with 907/864/826 observations across both conditions respectively. As the JITAI could be
triggered every 60-minutes, data of the 90- and 120-minutes timeframes were controlled for over-
lapping periods. This led to the final inclusion of 907/810/739 observations (80/80/79% adults) of
80/78/77 (59/60/61% adults) participants respectively. The following sections are referring to the
60-minute timeframe if not specified otherwise. Participant characteristics and PA separated by
condition (n = 69 "engaged", n = 73 "not engaged") are shown in Table 1. Due to the examination
design and analysis protocol, individuals can be assigned to both groups. Strictly descriptive, the

results showed that an average of 458.19 (SD = 813.25) steps were recorded in the hour after the
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trigger was answered (“engaged") in comparison to 353.55 (SD = 562.31) steps when the trigger

was not answered (“'not engaged").

Table 1 Descriptive data of all participants included in the analyses (N = 80, participants can but do
not have to appear in both the "engaged" and the "not engaged" condition data). Displayed are the means(M)
and standard deviations (SD) during three weeks for the parameters age, body mass index (BMI) steps,
metabolic equivalent (MET) divided by condition ("engaged" or "not engaged"), population (children and

adults), and sex (male and female).

condition "engaged" (397 observations) "not engaged" (510 observations)
population adult child adult child

female (n= male (n = female (n= male (n = female (n= male (n = female (n = male (n =
sex 20) 21) 17) 11) 22) 23) 16) 12)

M (SD) M (SD) M (SD) M (SD) M (SD) M (SD) M (SD) M (SD)

Age (years)  44.8(5.70) 46.5(4.98) 11.2(2.81) 135(3.39) 44.4(5.29) 46.1(5.02) 11.1(2.95) 11.3(4.11)
BMI (kg/m?) 24.0(4.05) 26.6(3.09) 17.5(2.36) 19.3(2.50) 23.7(3.81) 26.9(3.67) 17.2(2.85) 17.9 (2.65)

steps
P 627 (1020) 516 (1180) 391 (433) 952 (1430) 335 (356) 552 (1110) 832 (1400) 480 (714)
(counts/hour)

MET
955(34.1) 92.4(36.9) 86.8(26.2) 132(94.4) 82.8(14.9) 98.6(55.6) 94.5(34.9) 98.1(45.3)
(counts/hour)
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Figure 2 illustrates the average step count separated for both conditions within each person.
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Figure 2 Step count in the 60 minutes following the trigger based on the condition (dots for each trigger,

X and number for the mean for each condition) for each participant (1-80) for the "not engaged" condition

(green) and the "engaged" condition (orange/red) which have been slightly jittered for better visualization.

The black lines mark where adult data (n = 47) stops and children data (n = 33) begins.

397 of the 907 observations belong into the "engaged™ condition, meaning that the participants

received triggers due to inactivity and answered them within 60 minutes. Regarding the reason of

inactivity, participants indicated that they did not have the time to be active (289 observations;

75%), did not want to be active (73 observations; 18%), or did not feel good enough to be active

(28 observations; 7%). In seven cases, the participants indicated that they had been active but did

not wear the sensor. Descriptive results show that the PA tends to be higher after the trigger when

participants did not have the time and did not want to be active in the previous minutes (see sup-

plement Figure 1).

Effect of engaging with the just-in-time adaptive intervention on step count
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Within-person effects (Level-1)

The results indicate a significantly higher step count in the "engaged" condition compared to the
"not engaged" condition within-persons. In detail, if a person was triggered and answered the trig-
ger within 60 minutes ("engaged"), he or she had 113.16 more steps recorded on average (§ = 0.08,
p =.022) in the hour following the answering compared to the 60 minutes after sending the trigger
if the person did not respond within 60 minutes ("not engaged™). No other significant within-person
effects were found. The results for 90/120 minutes found a significantly higher step count for
"engaged" compared to "not engaged"” within-persons. Furthermore, afternoon predicted signifi-
cantly higher results compared to morning within-persons for 90 and 120 minutes and evening

predicted significantly lower results compared to morning for 120 minutes.
Between-person effects (Level-2)

Results showed no significant effect between persons whose data was assigned to the “"engaged"
condition more often on average compared to persons whose data was assigned to the "not en-
gaged" condition more often. However, significant differences between children and adults
(B =0.08, p =.037) were found which indicate that children had 138.10 more steps recorded in the
hour throughout both conditions on average compared to adults. No significant influences of the
between-person variables were found for 90 or 120 minutes. Overall, the ICC indicated that
3%/10%/7% of the variance in the models was due to between-person differences and

97%/90%/93% due to within-person variance for 60/90/120 minutes respectively.

119



daptive intervention

ime a

just-in-t

jus

tha

ing wi

Chapter 5 Effectiveness of engag

o

AN

i
7 [BUORIpTOY)
LO0T°0/SE00 9TT°0/LT00 8¥0°0/6100 / o4 TemS IRy
6EL 018 LO6 SHOHEAISSQQ)
LL 3L 03 "N
LO0 010 €00 201
65°6TILG 668616 LFEELET Fo0
6L°LTSE0TT 83°LELFIB 90°0LLOSE ©

s103]1g wopuey
6v0° 00°0-—910" STT-—STT6P 800~  0L9¥T-  8BO 100—¢10" 0T+T — EE°8FE- L0°0- LOTOT- 65T 00—-£T0° Tore—90°80T- S00-  TOLs- Surmaaa
110 8T0—-2T00 TESTP—LLPE 010 COseT 0r0° ST0—-000 6L°66T—9TL 300 LYI6T 19T CT0—£00- 96°65T — EE°EY ¥0°0 (£ 3:19 woomsygE
LET ro—-aoo- TLLPE— 6095 S00 18°¢rl 9ET IT0—£00" 19097 — 879~ ¥0°0 9186 Ty 800—-¢5070- SLOFPT— €118 wo 1£78C pasm
€T ST0—£00- 09+t — 90766~ 900 LLTOT 19¢” FIO—-600- 066CE—S0TTI- ¥0°0 6'eot LEO 9T°0—-000 F¥9°L9T - 958 800  OT8tI vorendod
£t ET0—-900-  STTLL—-PELEE ¥0°0 L8791T ele ST0—C00-  OFTIL— v 8T S00 86'1+C 865 0T0—900-  TEO0Se—¥BTI0T- wo FT¥L wd TomIpuod
0r0° ¥T0—-000 IFrFee— 198 LO0 CTEI8T eI ST0—-T00 06'80e—LLGE 300 FETLT [0y FTO0-T00 8L°60T— #5791 800  OTETI oW wonIpuod
100> 1T0-600- 9¥'086 — ¥8'85¢ 100 €9699 100> FI0—-800" 99°TrL — 0T HT €00 erver 100> O0T0-900 ST E8F —#6°L61 wo  Ssore (3dso127u7)
1D %56 riag 1D %60 riag 1D %56 pizg
d pozipampUDIS 1D %G5 o SeIwIST d pozipmpuDIS 1D %G5 o SeIwIST d pozipampUDIS 1D %G5 s SaIUST S40]01pB]
071 sdans 06 sdais 09 sda1s
padvjdsip a.p

£ JPHOLIIPUOD PUD [PULSADUL 2Y] PUD ‘SUOIIDALBSQO JO daquinu ay “(PiN) siupdionind Jo saquni 2yl (D) ua1oLfJa00 uonr]a.4402 SSpjonaul ayj ‘(™ 001) 20upLIDA

uos.ad-uaamjaq ayj (;0) 2ouUDLIDA UOSI2A-UIYTIN 3Y] ‘K DUOLIPPY [D %S6 (PIS) pazIpinpupis pup (ID) Sjpadaiul aousplfiod o;¢6 (§) piag pazipmopupis

ay] ‘(ewn.Lfpuil] sad Junoa) saipulsa DL 2] Sulsn papjdsip a4p sinsad Jjy padpydsip a.4v (T = uaippyo g = ynpp) uoyvndod Jo puv ([= (paiamsup usaq soy
4238141) JFII ‘0 = (Pa42MSUD uaaq Jou sny 423814]) ]0.4qu02) uoipuoa (ud) uvaw uosiad ayj fo synsa. uosiad-uaamiaq ayl ‘S puolippy (Suiiaca pup UocoULdYD
‘(aoua.iafa.1) Suniious papos luwnp a'1) awl] pup (= puayaam ‘g = Appyasam pmam) Appysampuayaamn ajqoiina uosiad-uyiin ayl ‘([= (pPaisnsup uaaq

soy 4235141) JF LI 0 = (P242MSUD U2aq 10U SPY 428814]) J0AIU0) HOLIPUOD (i) paiajusd unau uos.Lad ayj Jo sjnsa4 uosiad-uiyjin ayj ain palpjdsyq 123314

ay] Suimojjof samuiul 07 [/06/09 2yl Ul (sdays) junoo dais uo (Honuaa4aiul aadopn awij-ul-1snl a1) wonuaniajul ayj fo asuanjfi ayj 4of S1sGDUD japou jaaajng

CIqEL



Chapter 5 Effectiveness of engaging with a just-in-time adaptive intervention

Effect of engaging with the just-in-time adaptive intervention on MET count
Within-person effects (Level-1)

Results indicate a significantly higher MET count in the "engaged" condition compared to the "not
engaged" condition within-persons. In detail, if a person was triggered and answered the trigger
within 60 minutes (“"engaged™), he or she had 5.52 more MET counts recorded on average
(B =0.08, p =.014) in the hour following the answering compared to the 60 minutes after sending
the trigger if the person did not respond within 60 minutes ("not engaged™). No other significant
within-person effects were detected. The results for 90/120 minutes did not reveal any significant
differences between "engaged™ and "not engaged". Furthermore, evening predicted significantly

lower results compared to morning for 90 and 120 minutes.
Between-person effects (Level-2)

Results showed no significant between-person effect for 60/90/120 minutes. The ICC indicated
that 6%/14%/7% of the variance in the models was due to between-person differences and

94%/86%/93% due to within-person variance for 60/90/120 minutes respectively.
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Chapter 5 Effectiveness of engaging with a just-in-time adaptive intervention

Discussion

The present examination showed that engagement with a JITAI triggered by a period of physical
inactivity (<100 steps or less than 2 minutes with >2 MET in 60 minutes during waking hours) can
enhance device-based measured PA in the subsequent hour. Given that evidence on the momentary
effect of engagement with JITAI prompts on free-living PA is yet scarce, an important feature of
this examination was the comparison of the PA behavior (steps, MET) in the 60-minute timeframes
after the inactivity trigger was answered (“engaged") with the 60-minute timeframes when the
inactivity trigger was not responded to (“"not engaged"). Overall, results showed that engagement
with the basic JITAI implemented in the SMARTFAMILY2.0 app produced promising results con-
cerning PA enhancement in the subsequent hour after the trigger was answered which needs to be

confirmed by future studies.

Results of previous predominantly feasibility studies with small sample sizes indicated the po-
tential of JITAISs to interrupt phases of physical inactivity in individuals with overweight and obe-
sity (Bond et al., 2014; Finkelstein et al., 2015) and individuals with diabetes (Pellegrini et al.,
2015). In the above-mentioned studies, the influences of JITAI on accumulated PA outcomes
(steps, categories of PA) was investigated either longitudinally on a daily level (Bond et al., 2014),
by the comparison of pre- post-intervention (Pellegrini et al., 2015), or in a randomized controlled
crossover design (Finkelstein et al., 2015). The current results enhance the understanding of the
importance of the engagement with JITAI triggers for subsequent PA behavior directly after the
trigger for two different PA measures in a non-clinical sample. Bond et al. (2014) found that a
JITAI which was triggered after various periods of inactivity reduced daily values of physical
inactivity and enhanced light and moderate PA during the seven day intervention period if com-
pared to a baseline week without a JITAI. Our examination adds that step and MET counts in the
60 minutes directly after the engagement with the trigger are enhanced compared to if the trigger
assumedly has not been noticed or has been ignored by the participant. Furthermore, the explora-
tion of 90 and 120 minutes after the trigger indicated a time persistent effect of engagement with
the JITAI on step count while the effect vanished for MET count. This points to potential differ-
ences for measures related (i.e. MET) and unrelated (i.e. steps) to the intensity of the movement
(Silfee et al., 2018).
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The time variables referring to daytime (morning, afternoon, and evening) and to the weekday
(weekend vs. weekday) had no significant influence on the outcomes for the main model (60
minutes). However, step count was higher in the afternoon for the model using 90 minutes and
lower in the evening for 120 minutes while MET count significantly decreased in the evening for
both 90- and 120-minute models. This points to dynamic associations and temporal influences of
the time in the day to PA measures (e.g., there will be less PA late in the evening but more oppor-
tunities for PA directly after work/school in the afternoon) which should be explored in greater
detail by future studies to improve the implementation of JITAI-specific features (decision points

and rules).

The current examination also provides some exploratory and preliminary indications on the
question, if the reason for previous inactivity is associated to the subsequent activity. Here, de-
scriptive results indicate higher variance in step count for the hour following the answering of the
trigger if participants stated that they did not have time compared to if they did not want to be
active (supplement Figure 1). Furthermore, if participants stated that they were feeling unwell, PA
remained low in the following hour. Therefore, future studies should further investigate the reason
for inactivity and consider adding it as user-input included in a decision rule at a decision point for
the JITAI (e.g. if the participant feels unwell, no trigger will be sent for the rest of the day to reduce
participant burden). Additionally, core affect might be an important aspect as it was related to daily
PA in a previous examination within the same study (Fiedler et al., 2022). Here, valence and en-
ergetic arousal are known to be positively associated with PA while calmness is negatively asso-
ciated with PA in adults (Forster et al., 2021) and children (Koch et al., 2018). Further contextual
factors of inactivity (Giurgiu et al., 2020) like the location, availability and personal preferences
of the participant should also be considered to enhance the identification of true opportune mo-

ments in future studies.
Strengths and limitations

The primary strength of this examination is that it was conducted in a real-life intervention setting
and involved 80 children, adolescents, and adults, two different device-based measured PA out-
comes, an extended measurement period of 21 days, and that the design and reporting are guided
by a comprehensive JITAI framework (Wunsch et al., 2022). Additionally, the use of multilevel
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analysis allows for the inclusion of all triggers independently while controlling for the hierarchical

structure of the data. This allows for a robust estimation of the effect of engaging with the JITAI.

However, certain limitations need to be considered when interpreting the results of the current
investigation. First, included adults and children were already quite active (around 8000 steps and
more than 50 minutes of moderate to vigorous PA per day on average while the app was used on
88% of the days see Fiedler et al., 2022). This limited the number of triggers to be analyzed, espe-
cially for children. Another aspect was, that the participants had to use provided smartphones in-
stead of their own which can be burdensome and might explain why over 50% of triggers were not
answered within 60 minutes. Here, previous research showed that participants who used their own
smartphone showed no difference in missed events compared to participants who used an addi-
tional smartphone (Ziesemer et al., 2020). One alternative approach for this problem could be to
use wearables which can integrate the accelerometer and a small display to respond to JITAIs at
the potential cost of the accuracy of the measurement (Feehan et al., 2018). Most importantly, the
"not engaged" condition cannot be interpreted as an independent control condition (i.e. no possible
influence by the intervention). Furthermore, participants assigned to the "not engaged" condition
might have noticed the trigger but simply did not interact with the app and therefore did not create
a timestamp. To answer the question regarding the effectiveness of the JITAI (and not the effec-
tiveness of the engagement with the JITAI), micro-randomized trials should be considered in the
future to provide a better-controlled comparison and provide insights into causality (Conroy et al.,
2020). Finally, it needs to be noted that this examination was a secondary data analysis of a larger
study aimed to enhance PA and healthy eating (Wunsch et al., 2020) where the JITAI is only one
part of the intervention procedure, which was examined in separation. However, by focusing on
the momentary effects, the influences of other interventional aspects (e.g. influence of providing
information, and goal setting) are assumed to be limited.

Conclusion

The examination expands previous findings on JITAIs by focusing on the engagement with the
JITAI and by considering the temporal associations between the trigger and the outcome in a mul-
tilevel approach in children and adults. The results underline the importance of participants' en-
gagement with JITAI triggers to interrupt inactive phases. Here, factors like time of the day and

the reason for the inactivity are possibly important influences on PA measures. Future studies
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should further refine the understanding for opportune moment identification by involving partici-
pants in JITAI design and build on existing findings from ecological momentary assessment re-
search (e.g. Giurgiu et al., 2020). These important tailoring variables like the core affective state
of the participants and contextual factors like availability and weather should then be used to en-
hance the adaptation to participants needs and therefore the engagement and effectiveness of
JITAIs.
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Abstract

Physical inactivity is known to be a risk factor for several non-communicable diseases and has
a high prevalence in today’s society. Therefore, it is crucial to understand the psychological
factors associated with physical activity (PA). Recent developments in the field of ambulatory
assessment and technological advances are promising to enhance our understanding of this
relationship by analyzing longitudinal data within- and between-persons. These analyses can
reveal important factors to design behavior change interventions to enhance PA. Therefore,
this study used an ecological momentary assessment during the three-week intervention period
in the SMARTFAMILY?2.0 trial and aimed to investigate whether valence, calmness, energetic
arousal, and sleep quality predict daily steps and moderate to vigorous PA. Overall, 49 adults
(35-60 years) and 40 children (5-19 years) were included in this analysis and self-rated their
mental state within our smartphone application while also wearing a hip-worn accelerometer
for 21 consecutive days (996 days included) during the intervention period. Multilevel analyses
were conducted to predict daily PA while considering covariables (e.g. child/adult and non-
wear time) both within- and between-persons. The results indicated that higher than average
ratings of a person's valence and energetic arousal on one day predicted increased PA while
higher than average calmness predicted decreased PA at the same day within this person. Sleep
quality and between-person effects of the affective states showed no clear associations to PA.
Overall, these results showed that within-person associations of valence, calmness, and ener-
getic arousal should be considered when designing PA interventions for both children and
adults. The influence of sleep quality, as well as between-person effects, should be further

explored by future studies.
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Introduction

Physical inactivity depicts one major risk factor for a variety of non-communicable diseases
(Kohl et al., 2012) while sufficient physical activity (PA) represents an effective primary pre-
vention strategy for non-communicable diseases throughout the lifespan (Beaglehole et al.,
2011). However, only 32% of the worldwide population reach the PA recommendations of 150
minutes of moderate or 75 minutes of vigorous PA or an equivalent of both for adults (>18
years) and an average of 60 minutes moderate to vigorous PA (MVPA) per day for children (5-
17 years) (Bull et al., 2020; Hallal et al., 2012). Hence, effective interventions to reduce phys-
ical inactivity and to enhance PA are needed for adults and children to meet their respective
guidelines. Today, mobile health (mHealth) interventions are promising tools for health behav-
ior change due to preliminary results for effectiveness, 24/7 availability, large coverage, and
their assumed cost-effectiveness (Vandelanotte et al., 2016). Important key facets for effective
mHealth interventions are hereby the theoretical foundation, the use of behavior change tech-
niques, interventions‘ embeddedness in a social context, and individual tailoring (Fiedler et al.,
2020). Besides these contextual and cognitive factors, there is a further need to investigate
affect-related determinants in individuals assigned to a mHealth intervention targeting PA to

identify reasons for uptake, or barriers, of subsequent PA (Dunton, 2017).

Ecological Momentary Assessment (EMA) provides an opportunity to not only deliver in-
terventional content but also to gather real-time within- and between-person longitudinal data
throughout the intervention period (Trull & Ebner-Priemer, 2013). This allows the detection of
dynamic associations between determinants of subsequent PA on an individual level, which
can be considered in personalized behavior change interventions (Conroy et al., 2020). Of par-
ticular interest are hereby dimensions of affect that are assumed to be linked to an improved
health behavior (Trull & Ebner-Priemer, 2013). There is much contradiction and overlap in the
conceptualization of affect, mood, and emotion (for a review, see Ekkekakis, 2013). James
Russel (2003) proposed a framework that establishes interrelationships between these concepts
and defined core affect as a “neurophysiological state consciously accessible as a simplest raw
(nonreflective) feeling evident in moods and emotions” (Russell, 2003, p. 148). Building on
this, different models and dimensions of core affect have been postulated in recent years. Ac-
cording to the three-dimensional model, core affect includes at least three basic intercorrelated
affective dimensions that map the complexity of affective states in daily life: valence (pleasure
- displeasure), energetic arousal (wakefulness-tiredness), and calmness (relaxation-tension)
(Schimmack & Grob, 2000).
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Extensive research has been conducted in the past years investigating the relationship be-
tween PA and core affect in adult populations (Forster et al., 2021; Liao et al., 2015). Previous
research indicates that valence (Carels et al., 2007; Emerson et al., 2018; Kanning & Schoebi,
2016; Schwerdtfeger et al., 2010) and energetic arousal (Liao et al., 2017; Niermann et al.,
2016; Schwerdtfeger et al., 2010) are positively associated with subsequent PA while calmness
is negatively associated with PA (Kanning & Schoebi, 2016; Reichert et al., 2016). Although
the results seem to be coherent on the affective dimensions, a direct comparison is difficult
because the studies analyzed different temporal aspects of subsequent activity (i.e., 24 hours,
15 minutes) and different types of movement (i.e., free-living PA vs. structured exercises) (For-
ster et al., 2021). For example, Carels et al., (2007) and Emerson et al., (2018) investigated the
relationship between affect and PA within a single day and the results indicate that higher rat-
ings of valence in the morning were associated with increased PA over the day. Here, both
studies assessed PA by self-report, which may not represent changes within an individual in
detail (Reichert et al., 2020) and often differs from device-based measured PA (Fiedler et al.,
2021). Comparable results for the relation of PA and energetic arousal alone were also found
in children between 9 — 13 years (Dunton et al., 2014), and for all three affective states in
children between 12 and 17 years (Koch et al., 2018). Despite these findings, it is important to
note that the dynamic relationship between affective states and PA has been studied much less
in children and that the existing results are heterogenous (Bourke et al., 2021). Additionally,
parameters of sleep (i.e., perceived sleep quality, duration, efficacy) are further important de-
terminants of health-related behavior that are assumed to be linked with PA (Wang & Boros,
2021). However, a recent meta-analysis including adult samples, revealed no direct relationship
between sleep on subsequent PA (Atoui et al., 2021) while a longer sleep duration was associ-
ated with improved eating behavior and higher levels of PA in children (Khan et al., 2015).

As stated above, the dimensions of core affect and perceived sleep quality can influence PA
behavior in both adults and children. Therefore, it is important to investigate these covariates
during a theory-based intervention in which key facets of behavior change are implemented.
This can help to assess the possible impact of affective states and sleep quality on the main
outcome (PA) of the intervention. Here, existing studies have mainly evaluated EMA measured
constructs as time-lagged predictors immediately before PA uptake to investigate their mo-
mentary effect (Liao et al., 2015). However, in the intervention context day-level peculiarity
might also be of interest, as intervention studies usually include time intervals of several days

to weeks, and the question if EMA-derived variables have an impact on this time scale is
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important for designing such interventions. Another important point is to take the PA outcome
into account. Here, a study by Reichert et al (2017) found differences in the relationship of PA
to affective states for exercise and nonexercise PA which suggests, that there is no uniform
relationship between PA and affect. Knowledge of the mechanisms and barriers related to PA
uptake during a longer measurement period also will help to anticipate mental health- and sleep
quality-related barriers causing physical inactivity which can then be considered for the devel-

opment of future mHealth interventions (Dunton, 2017).

Hence, the present study aimed to investigate several potential mental health-related covari-
ates of PA including valence, energetic arousal, and calmness as well as perceived sleep quality
on a daily level during three weeks to predict same-day PA measured by 1) steps, and 2) MVPA,
among children and adults during a PA intervention period. These two PA measures were used
to account for possible differences in the relationship between an intensity independent (steps)
and intensity related (MVPA) PA measure, and to project two different types of PA guidelines:
the step-related guideline of reaching between 7.000 and 10.000 steps per day (e.g. Paluch et
al., 2021), which is followed by most people using fitness trackers or smartwatches as a daily
goal, and the intensity-related guideline provided by the World Health Organization (Bull et
al., 2020).

Following previous findings on the topic, it is hypothesized, that on days where participants
report higher than usual valence and energetic arousal, they have greater device-based meas-
ured step count and MVPA on the same day while on days where participants report higher
than usual calmness, they have lower device-based measured step count and MVPA on the
same day (within-persons). Between-person effects of valence, energetic arousal, and calmness
on steps and MVPA (e.g. participants who report higher valence on average have higher/lower
average device-based measured step count compared to persons who report lower valence on
average), and the relationship between sleep quality and PA on a within- and between-person

level will be explored.
Methods
Participants and Procedure

Data for the current study was based on the SMARTFAMILY2.0 trial. For the detailed study
protocol of the SMARTFAMILY2.0 study see elsewhere (Wunsch et al., 2020). Full ethical
approval and written informed consent of all participants, children, and legal guardians was

obtained (The International Registered Report Identifier (IRRID) for the SMARTFAMILY
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study is RR1-10.2196/20534.). The trial was conducted in accordance with the Declaration of
Helsinki.

Participants (families) were recruited in schools, school holiday programs, music schools,
and sports clubs via personal communication, newspapers, and email distribution lists of the
Karlsruhe Institute of Technology. Only families including at least one parent and at least one
child who was 10 years of age or older and who were living together in a common household
were eligible for the study. Additionally, all siblings were invited to take part in the study if
the parent/s vouched for their ability to participate (Wunsch et al., 2020). All participants have
been cluster-randomized into an intervention group and a control group. The protocol for both
groups included a baseline measurement of one week, followed by a three-week intervention/
waiting period and one week post measurement. The original study aimed to enhance PA and
healthy eating with the digital intervention. For this study, only data of the three-week inter-
vention period in the intervention group (n = 98, 52% adults) has been included. During this
intervention period, participants used the SMARTFAMILY2.0 app on provided smartphones
and wore an accelerometer. To increase participants‘ health literacy, information about the
benefits of PA and healthy eating was provided in the app. Additionally, participants autono-
mously set activity- and diet-related weekly goals, received feedback on goal achievement, and
received a just-in-time adaptive intervention (i.e. a push notification when the participant was
inactive during the wake time for at least 60 minutes (neither <2 sensor values at >2 MET nor
100 steps registered on the accelerometer); for an overview of just-in-time adaptive interven-
tions see Wunsch et al., 2022). EMA concerning sleep quality was sent once in the morning
(i.e. the first action of the participant on the app each day), and EMA concerning affect after a
period of inactivity (following the just-in-time adaptive intervention) and, if no trigger occurred

for several hours, in the evening.
Measurements
Accelerometry

PA (i.e. steps and MVPA per day) was continuously recorded by 3-axial accelerometers (Move
3/Move 4, Movisens GmbH, Karlsruhe, Germany). The small-scale (62.3 mm x 38.6 mm x
11.5 mm;) and light-weight accelerometers were worn at the right hip and were attached by a
clip or at a belt. Raw data was sampled at an input frequency of 64 Hz and afterward summa-
rized in 60-second epochs. Analyzed raw data were processed by algorithms into steps, time
spent during MVPA minutes per day [>3 metabolic equivalents (MET)], inactive time [1-1.5
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MET], and non-wear time for this study. The accelerometers have been shown to accurately
detect step counts (Anastasopoulou et al., 2013) and to validly estimate energy expenditure

(Anastasopoulou et al., 2014).

Participants were instructed to wear the accelerometer during wake time for the whole in-
tervention period of three weeks, with each measurement period starting on a Monday. Partic-
ipants were told to remove the sensors during showering, swimming, or during contact sports.
In this case, the participants were instructed to manually record the duration and intensity of
the exercise in the SMARTFAMILY2.0 app (not included in our study).

Ecological momentary assessment

Several EMAs were assessed within the study. Participants were instructed to use the app
throughout the day and only mute it during e.g. meetings or school. With the first action on the
app in the morning, every participant rated the perceived sleep quality once a day on a 7-point
Likert scale (“How would you rate your sleep quality during the previous night?” 0= very bad,
6 = very good, adapted from Snyder at al. (2018)) once a day. Wilhelm & Schoebi, 2007 pre-
viously showed that two bipolar items each provide sensitive and reliable measurements of the
three-dimensional model of core affect (Schimmack & Grob, 2000). In this study, only one of
those two bipolar items was used asking for affective valence (“How is your current mood?”
rated by emojis from 0 = very bad, to 4 = very good), energetic arousal (“Are you feeling awake
or tired?” 0 = very tired, 6 = very awake), and calmness (“Are you feeling relaxed/calm or
stressed?” 0 = very stressed, 6 = very calm). The items were used based on Bachmann et al.
(2015) to keep participant burden low. The use of single items can hereby be beneficial for
research focused on a broader perspective of the relationship between affect and PA even
though it limits conclusions about discrete affects (Emerson et al., 2018). The EMA concerning
affective states was sent following an event-contingent scheme when participants were inactive
during the last 60 minutes (neither >2 sensor values at >2 MET nor 100 steps), and when the
participant finished their day in the app by pressing the “going to sleep button” (provided no
trigger occurred during the past hour). The inactivity triggers were blocked when 1) the app
was “asleep”, 2) during the night (10 pm till 7 am), 3) less than 50 of 60-minute values have
been sent during the past hour by the sensor, and 4) if a participant reached a PA level of 60
minutes of MVVPA on a certain day. As EMAs could be sent multiple times a day, daily averages
were calculated for valence, energetic arousal, and calmness. Here, it needs to be noted that

this study is a secondary data analysis of the intervention period in a free-living study, where
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participants were not instructed to answer a certain amount of EMA questionnaires. Therefore,
the interaction with the app does not represent compliance as in other EMA studies but user

engagement with the app (comparable to e.g. Edney et al., 2019).
Statistical Analysis

R (R Core Team, 2021) and RStudio (RStudio Team, 2021) were used for data preparation and
analysis. The package ‘ggplot2’ was used for visualizations (Hadley Wickham, 2016). Due to
the hierarchal structure of the data multilevel models were calculated using the package ‘nlme’
(Jose Pinheiro et al., 2021) with days of the intervention (level 1) nested in participants (level
2) to identify the within- and between-person effects concerning the research question. The
result tables of the regression analyses were generated using the package ‘sjPlot’ (Daniel Lii-
decke, 2021). Here, two final models were calculated, one with each PA parameter (steps and
MVPA per day) as outcome variables. Intraclass correlation coefficients (ICCs) of the null
model indicated that 40% and 54% variances for each of the steps and MVPA respectively
were due to within-person differences. Therefore, the influence of the hierarchal data structure
on the outcome variables was confirmed and a multilevel approach was used. ICCs for the
predictor variables indicated that between 60% and 71% of variance was explained by within-
person differences and the variables were therefore disaggregated into within- and between-
person variables. Assumptions were checked using the visualization of the ‘performance’ pack-
age (Daniel et al., 2021). If the assumptions seemed to be violated, a robust model was fitted
using the package ‘robustimm’ (Manuel Koller, 2016) and compared to the non-robust version.
Only the non-robust model was reported as no noticeable difference emerged between both
versions of the models. The need of controlling for autocorrelation was also checked which
improved the model and was therefore included in all models. A hierarchical approach was
used for the inclusion of the control variables and the model fit was assessed with —2 restricted
log-likelihood and the Akaike information criterion (AIC). A sensitivity test was also per-
formed where participants with less than six measurements (n=24, 27%) were excluded from
the analyses which yielded comparing p with similar significances. Therefore, the models in-

cluding all 89 participants with valid measurements were used.

The predictors sleep quality, valence, energetic arousal, and calmness, and the control vari-
able non-wear time were included at level 1 and centered at the person-mean to estimate within-
person effects (Hoffman & Stawski, 2009). Additionally, the control variable weekday or
weekend (i.e. weekday = 0, weekend = 1) was included in the models at level 1. Time (i.e. day
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of the study 0-20) was added as a within-person control variable at level 1 but showed no
significant effect and was not included in the final models. The mean scores per person for
each level 1 predictor were added as level 2 predictors to unravel the between-person from the
within-person results (Hoffman & Stawski, 2009). adult/child (i.e. adult = 0, children = 1) was
added as a between-person control variable at level 2. Sex (i.e. female = 0, male = 1) was only
added for MVVPA as a between-person control variable at level 2 as it did not improve the model
for steps. Random slopes were computed for all level 1 predictors which did not improve the
models and were therefore excluded in the final models. Random intercepts were used for both

models and the level for significance was set a priori to a < 0.05.

The equation of the final models (with the only difference that sex was excluded for the

steps model) was:
Level 1 equation:

Yij = Boj + B1j * (sleep quality);; + B,; * (valence);; + P3; * (calmness);; + Pa;j
* (energetic arousal);; + Ps; * (non — wear time);; + f¢; * (wewd);;
+ rij
Level 2 equation:

Boj = Yoo T Yo1 * (mean sleep quality); + yo, * (mean valence); + o3
* (mean calmness); + yo4 * (mean energetic arousal);

+ vos (adult/child) + yoe (sex) + uy;

ﬁ1j = Y10
ﬁzj = Y20
ﬁ3j = Y30
ﬁ4j = Yo
.BSj = Vso
ﬁej = Yoo
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Results
Data availability and participant characteristics

Overall, 98 participants received a total of 2058 sleep quality EMAs over the 21-day collection
period. The average number of sleep quality ratings completed by each participant was 17.39
out of 21, equating to 82.85% complete data (represents daily app use). On 1332 out of 2058
days, the participants additionally answered at least one EMA assessing valence, energetic
arousal, and calmness (averaged from 2579 triggers). This implied that daily mean values for
each affective state and each participant could be calculated for 64.72% of the days. Days (n =
775/2058) with missing values (2531 data points) in either sleep quality or affect ratings were

excluded from the final analyses.

Additionally, 656/2058 days indicated either greater non-wear time than 960 minutes (618
data points) or that more than 1200 minutes were classified as an energy-expenditure range of
1.0to 1.5 METSs (34 data points) or that zero step counts were recorded (285 data points). Those
days were also excluded from the analysis (some of which overlapped with the excluded days

for sleep quality and/or affect).

The exclusion of days due to missing and invalid data points resulted in a final analytic
sample of 49 adults (35-60 years) and 40 children (5-19 years) and a total of 996 days (adults
= 661; children = 335)), yielding an average of 11.19 valid measurement occasions per partic-
ipant (affect triggers were summarized from 1-9 measurements per day). Participant character-
istics for the final sample are shown in Table 1. A daily overview of all outcomes and predictors
divided by adults and children is visualized in Figure 1. Here, the variability of daily data and
individual patterns of the variables over time for each participant can be inspected in supple-
ment figures 1 to 7. The mean BMI was 25.38 (SD = 3.91) kg/m? in the adult and 17.62 (SD =
2.92) kg/m? in the children population.
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Table 1 Descriptive data of all participants included in the analyses. Displayed are the means and
standard deviations (SD) during three weeks for the parameters age, steps, moderate to vigorous phys-
ical activity (MVVPA), non-wear time (nwt), self-rated sleep quality (sleep), self-rated valence, self-rated

energetic arousal (energetic), and self-rated calmness.

population adult child
sex female male female male
(n=24) (n=25) (n=23) (n=17)
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
age (years) 44.8 (5.4) 46.6 (5.1) 11.2 (2.8) 11.9 (3.9)
steps (count/day) 7880 (2600) 6700 (2540) 8280 (3230) 9890 (2940)
MVPA (min/day)  56.0 (25.7) 59.3 (29.4) 54.7 (45.2) 117 (36.3)
nwt (min/day) 641 (84.5) 630 (98.1) 703 (98.9) 744 (96.3)
sleep (0-6) 4.25 (0.92) 3.82(0.82) 4.14 (1.50) 4.51 (0.94)
valence (0-4) 2.82 (0.38) 2.89 (0.45) 3.09 (0.47) 3.29 (0.61)
energetic (0-6) 3.89 (0.67) 4.07 (0.74) 4.13 (1.21) 4.82 (0.93)
calmness (0-6) 2.71 (0.844) 2.98 (0.845) 2.73 (1.13) 3.04 (1.22)

142



Chapter 6 Core affect and sleep quality in physical activity interventions

Effects of sleep quality and affective states on daily step count
Within-person effects (Level-1)

Results indicate no significant within-person effects between sleep quality ratings and daily
step count (see Table 2). As hypothesized, the daily average affective states rated by a person
were associated with the number of device-based measured steps per day. In detail, a higher
than average rating of a person’s valence on one day significantly predicted a higher step count
on the same day within this person ( = 0.06, p = .024). In practice, a 1-point increase in valence
above the person-mean (original scale 0 — 4) was related to an average increase of 489.63 more
steps on the same day. Furthermore, higher than average values of a person’s energetic arousal
ratings were related to an increase in that person’s device-based step count on the same day (
= 0.07, p = .014). As expected, days with higher than average ratings of calmness within a
person were associated with significantly lower device-based measured step count on the same
day (B = -0.07, p = .007). The daily non-wear time showed a significant effect on steps. This
means that on a day when a person wore the accelerometer one minute less than their person-
based average, the accelerometer recorded 4.09 fewer steps (p < .001) for the same person.
Additionally, the number of recorded steps of a person was significantly higher on weekend
days than on weekdays (p = 0.09, p = .001).

Between-person effects (Level-2)

Results showed no significant between-person effects between sleep quality, valence or ener-
getic arousal ratings, and device-based measured step count. However, individuals with higher
average calmness ratings had significantly fewer daily steps recorded when compared to indi-
viduals with lower averages (p =-0.16, p =.023). Furthermore, significant differences between
children and adults in the average number of steps per day (B = 0.16, p = .022) were found
insofar as the accelerometers recorded 1452.05 more steps a day on average in children than in
adults. Overall, the ICC showed that 35% of the variance in the model was due to between-

person and 65% due to within-person variance.

Table 2 Multilevel model analysis for the influences of sleep quality and affective states on daily
step count. Displayed are the within-person results (wp) of the person-mean centered variables self-
rated sleep quality (sleep) (original range 0-6), self-rated valence (valence) (original range 0-4), self-
rated energetic arousal (energetic) (original range 0-6), and self-rated calmness (calmness) (original
range 0-6) and the within-person, person-mean centered control variable non-wear time (nwt) and the

variable weekend/weekday (wewd, weekday = 0, weekend =1). Additionally, the between-person
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results (bp) of the affective states and sleep quality, and the influence of adult/child (adult = O, children
= 1) on steps are shown. All results are displayed using the raw Beta (B), the standardized Beta (p),
95% confidence intervals (Cl), and standardized (std.) 95% CI. Additionally, the within-person variance
(c?), the between-person variance (too id), the intraclass correlation coefficient (ICC), the number of
participants (N ig), and the number of observations are displayed.

steps
Predictors B B Cl std. Cl p

(Intercept) 6157.69 -0.02 2263.20 -10052.18 -0.16-0.11  .002
wp_sleep 130.57 0.03 -52.73 - 313.87 -0.01-0.08 .165
wp_valence 489.63 0.06 66.15-913.10 0.01-0.12 024
wp_calmness  -244.11 -0.07 -418.90 — -69.32 -0.11--0.02 .007
wp_energetic  339.23 0.07 71.45-607.01 0.01-0.12 014
wp_nwt -4.09 -0.11 -5.90--2.28 -0.16 --0.06 <.001
wewd 848.32 0.09 340.50 — 1356.15 0.03-0.14 .001
bp_sleep 49.77 0.01 -587.52 — 687.05 -0.12-0.15  .878
bp_valence 843.16 0.09 -977.53 — 2663.85 -0.10-0.28  .363
bp_calmness -778.42 -0.16 -1442.62 - -114.21  -0.29--0.02 .023
bp_energetic 147.51 0.03 -818.79 - 1113.81 -0.15-0.20 .764

bp_adult/child  1452.05 0.16 220.21 - 2683.90 0.02-0.30 022

Random Effects

o’ 10220975.78
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T00 id 5595387.95
ICC 0.35
N id 89

Observations 996

Effects of sleep quality and affective states on daily MVPA
Within-person effects (Level-1)

As shown in Table 3, neither perceived sleep quality (p = .434) nor mean energetic arousal (p
=.070) ratings of one day were associated with MVPA during the same day within a person.
As hypothesized, the daily average valence ratings per day significantly predicted higher
MVPA (B =0.07, p = .006). In practice, a 1-point increase in valence above the person-mean
(original scale 0 — 4) was related to an average increase of 6.55 more minutes of MVVPA on the
same day. Furthermore, days with higher than average ratings of calmness within a person were
associated with significantly lower device-based measured time spent in MVPA (B = -0.04, p
=.035). Additionally, the analyses revealed that non-wear time significantly predicted lower
daily recorded MVPA (B =-0.07, p =.001) and higher MVVPA was recorded during weekend
days compared to weekdays ( = 0.06, p =.006).

Between-person effects (Level-2)

Differences in person-mean ratings of sleep quality and affective states between-persons did
not predict daily MVPA (see Table 3). However, results for the control variables showed that
children had recorded significantly more MVPA than adults (f = 0.26, p = .001). In addition,
significant sex differences (p < .001) were found for daily MVPA where being male was asso-
ciated with higher daily MVPA values. Overall, the ICC showed that 47% of the variance in

the model was due to between-person and 53% due to within-person variance.

Table 3 Multilevel model analysis for the influences of sleep quality and affective states on daily
MVPA. Displayed are the within-person results (wp) of the person-mean centered variables self-rated
sleep quality (sleep) (original range 0-6), self-rated valence (valence) (original range 0-4), self-rated
energetic arousal (energetic) (original range 0-6), and self-rated calmness (calmness) (original range O-

6) and the within-person, person-mean centered control variable non-wear time (nwt), and the variable
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weekend/weekday (wewd, weekday = 0, weekend =1). Additionally, the between-person results (bp) of
the affective states and sleep quality, and the influence of adult/child (adult = O, children = 1) and sex
(0 = female, 1 = male) on MVPA are shown. All results are displayed using the raw Beta (B), the
standardized Beta (B), 95% confidence intervals (CI), and standardized (std.) 95% CI. Additionally, the
within-person variance (c?), the between-person variance (o0 id), the intraclass correlation coefficient

(ICC), the number of participants (N ig), and the number of observations are displayed.

MVPA
Predictors B B Cl std. Cl p

(Intercept) 66.72 -0.03 14.70 — 118.74 -0.18-0.12 .013
wp_sleep 0.81 0.02 -1.20-2.81 -0.03-0.06 434
wp_valence 6.55 0.07 1.91-11.19 0.02-0.12 .006
wp_calmness  -2.07 -0.04 -3.98 --0.15 -0.09--0.00 .035
wp_energetic  2.72 0.04 -0.21-5.65 -0.00-0.09 .070
wp_nwt -0.03 -0.07 -0.05--0.01 -0.12 - -0.03 .001
wewd 7.89 0.06 2.29-13.49 0.02-0.11 .006
bp_sleep 0.65 0.01 -7.94-9.24 -0.13-0.16 .881
bp_valence -5.85 -0.05 -30.29 — 18.59 -0.25-0.15 .637
bp_calmness  -7.41 -0.12 -16.37 — 1.55 -0.26 - 0.03 .106
bp_energetic  2.42 0.04 -10.70 — 15.54 -0.16 - 0.23 117
bp_adult/child 28.40 0.26 11.69 — 45.12 0.11-0.41 .001
bp_sex 29.84 0.28 13.64 — 46.04 0.13-0.44 <.001

Random Effects

o’ 1249.24
00 id 1101.01
ICC 0.47

N ig 89

Observations 996
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Discussion

This study used EMA and accelerometry to evaluate the within-person effects of children's and
adults' daily self-reported valence, energetic arousal, and calmness on device-based measured
MVPA and step count of the same day. Furthermore, the between-person effects of these var-
iables were explored along with the within- and between-person effects of perceived sleep
quality on steps and MVPA. The results mainly confirmed the hypotheses that ratings above
the person-mean for valence and energetic arousal increased PA while calmness decreased PA
on a within-person level. One exception was the relationship between energetic arousal and
MVPA which was not significant (p = .07) but showed a standardized estimate in the hypoth-
esized direction. For the exploration of sleep quality as well as between-person effects of the
predictors, only calmness showed a significant prediction for steps indicating that participants
who rated their calmness one point higher (scale 0-6) had recorded 778.42 fewer steps per day
on average. Additionally, the results of the included control variables showed significant ef-
fects. Here, being male (only for MVVPA) showed the largest effect, followed by being a child,
having increased accelerometer wear time, and the measurement being on a weekend day. The
results of this study mainly confirm the findings of previous studies using time-lagged predic-
tors, indicating that the relation between affect and PA is solid through different age groups
(Cushing et al., 2017; Dunton et al., 2014; Koch et al., 2018; Liao et al., 2017; Niermann et al.,
2016; Reichert et al., 2016; Schwerdtfeger et al., 2010), that affect and PA results are related
on a day level (Do et al., 2021), and add that these findings also apply to intervention studies.

Valence and physical activity

The use and definitions of mood and affect and their subitems have been used interchangeable
in the previous literature (Liao et al., 2015; Niermann et al., 2016), therefore, the results of
previous studies related to all mood dimensions and affective states are treated as equal in this
paragraph to provide a broader picture even though they often assess different constructs (see
Ekkekakis, 2013 for an overview). In our study, valence significantly predicted both steps and
MVPA at the same day within-persons which is in accordance with some previous studies
(Dunton et al., 2014; Koch et al., 2018; Liao et al., 2017; Niermann et al., 2016; Reichert et al.,
2016; Schwerdtfeger et al., 2010) while another study did not find such relation between affect
and PA in adolescents (Cushing et al., 2017). This strengthens the view that valence should be
considered in building up PA interventions and that valence is a promising target to tailor in-

terventions to a persons’ needs in a randomized controlled trial (Conroy et al., 2020). If for
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example, an assessment of valence indicates a low rating in a person compared to the usual
rating, the most promising intervention might not be to target PA directly, but to improve va-
lence and by doing so increase the probability that the person will engage in PA throughout the

day.
Energetic arousal and physical activity

Energetic arousal predicted steps but not MVPA on the same day within-persons while previ-
ous studies found an association for different PA measures as time-lagged predictors (Dunton
et al., 2014; Koch et al., 2018; Liao et al., 2017; Reichert et al., 2016). Here, two studies, one
in adults (Reichert et al., 2016) and one in adolescents (Koch et al., 2018), indicated that the
relationship of energetic arousal to nonexercise activity is stable in a timeframe of up to 300
minutes. The relation of energetic arousal to MVVPA however, has only been found for shorter
(i.e. 30 minutes) timeframes in children (Dunton et al., 2014) and another study found no rela-
tionship between energy (measured as a single item on a 1-5 scale) and MVPA 15 or 30 minutes
after the EMA assessment in adults (Liao et al., 2017). Therefore, the relation of energetic
arousal and MVPA might follow a narrower time pattern while the relationship to steps as a
parameter without intensity indication seems to be more time stable. These results should be
considered for PA interventions as the influence of energetic arousal on PA seems to depend
on the PA outcome and/or intensity. In this case, including or targeting energetic arousal in an
intervention seems to be most beneficial for nonexercise activity or overall PA outcomes like
step count. Here, digital games could be used to enhance energetic arousal (Collins et al., 2019)

which could then be followed by a prompt to engage in PA.
Calmness and physical activity

Self-rated calmness predicted both reduced recorded step count and reduced recorded MVPA
per day within-persons which confirms findings of previous studies using it as a time-lagged
predictor (Koch et al., 2018; Reichert et al., 2016). This means, that if a person rated their
calmness higher on a certain day than their average calmness this person engaged in less PA
on that day. Therefore, having calmness included in the context of positive affect or overall
mood (e.g. in Liao et al., 2017) might influence the result of the construct. Here, future studies
which aim to investigate the relation between affect and PA should measure calmness as a
separate construct from positive affect. This indicates the need to explore the relation of differ-
ent sub-categories of affect and mood. Here, the timeframe in which self-rated calmness pre-
dicted less subsequent PA was measurable in up to 130 minutes in one study (Koch et al., 2018)
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and up to 140 minutes in another study (Reichert et al., 2016) which suggests fairly time stable
results for this parameter. Therefore, calmness seems to be another affective state which has to
be considered for PA interventions. It is however questionable to reduce calmness to influence
PA because calmness is also an important factor for health (Huffziger et al., 2013). In this case,
more context about general PA behavior of the person and covariates of health behavior along
with a clearer picture of a dose-response relationship between covariates and PA behavior is

needed to provide individualized recommendations for behavior change interventions.
Affect and related parameters between-persons

The association between affective states, sleep quality, and PA on a between-person level has
been explored by this study. None of the affective states were associated with the average rec-
orded time spent in MVPA per day. Regarding daily step counts, significant between-person
variations were found in individuals with higher calmness ratings. These results suggest that
individuals who feel calmer on average had recorded fewer steps on average than individuals
who feel more stressed. No between-person association between energetic arousal, valence,
and daily step count was found. Therefore, the results indicate that days, where a person rated
their daily valence or energetic arousal higher than their usual daily valence or energetic arousal
(within-person), showed enhanced PA. However, there was no difference for persons who rated
their valence or energetic arousal higher on average compared to persons who rated their va-
lence or energetic arousal lower (between-person) concerning PA. Further research is needed
to define the link between affective states and PA behavior on the between-person level under
consideration of the within-person level to specify if the observed relation is due to individual

differences of participants or changes over time within participants, or both (Dunton, 2017).
Sleep quality and physical activity variation within- and between-persons

The exploratory within- and between-person analyses indicated no significant association be-
tween the subjectively assessed sleep quality and device-based measured daily step count or
daily MVVPA. These results fit the findings of previous experimental and cross-sectional studies,
which showed inconsistent relations between various sleep characteristics (e.g., efficiency, du-
ration) and PA outcomes in children and adults (Antczak et al., 2020; Semplonius &
Willoughby, 2018). In another study, Eythorsdottir et al. (2020) used device-based measured
sleep and PA outcomes and found no significant association between children with different
sleep duration and sleep efficiency and PA. One explanation for these findings could be the
high heterogeneity in the measurements or outcomes (e.g. sleep quality, sleep duration, wake
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time, bedtime) used. Further studies need to be designed which examine the bidirectional and
temporal aspects of the sleep-physical behavior associations. Additionally, to understand the
effects of sleep characteristics (e.g., duration, efficiency, latency) on PA in more detail, more
long-term studies with objectively measured sleep parameters are needed (e.g. using heart rate
variability (Stein & Pu, 2012)), which consider daily schedules and further motivational aspects
of activity behavior. Furthermore, as sleep-related measures often differ between adults and
children (e.g. earlier bedtime and longer periods of nocturnal sleep for children) even within
parent-child dyads (Gau, Susan, Shur-Fen & Merikangas, Kathleen, R., 2004), studies compar-
ing the results of both groups separately would benefit the understanding of the association

between sleep quality and PA.
Control variables

The findings of this study suggest significant differences in both recorded steps and MVPA
outcomes between children and adults. Here, children showed a higher mean step count per
day and higher time in MVPA than adults. Future studies should also investigate if the rela-
tionship between affective states, and sleep and PA differs due to e.g. developmental differ-
ences throughout the lifetime. Additionally, the results also indicate that time spent in MVPA
during one day differed between sexes, suggesting that men and boys spent more time per day
in MVPA than women and girls. Descriptive data of this study shows that while boys move
more than girls (also illustrated in recent research (McGovern et al., 2020)), women had a
higher step count than men which is overlaid by the difference between boys and girls and
therefore only visible in sex- and child/adult-disaggregated data. These results suggest that age-
related sex differences should be considered when designing, implementing, and evaluating
PA interventions for children and adults (Schlund et al., 2021). Furthermore, our study found
non-wear time and differences between weekdays and weekend days to influence both steps
and MVPA. A higher non-wear time predicted less PA during the day and participants were
more active on weekends compared to during the weekdays. Those variables should always be
considered when interpreting PA outcomes if data has been measured over several days even

if data with a certain wear time (i.e. less than 8 hours per day) were excluded.
Limitations

There are some limitations of this study that have to be considered for the interpretation of the
results. First, the data of this study were collected during the ongoing COVID-19 pandemic
which might differ from results before the pandemic, as certain restrictions have probably
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influenced PA patterns (Stockwell et al., 2021) and people’s affective states (Panayiotou et al.,
2021). However, data collection has only been conducted when schools were open to allow
comparability of the data. Secondly, the study focusses on EMA in an intervention design that
aimed at increasing PA of the participants (without directly targeting the predictor variables)
and included also other factors like health literacy and goal setting. We accounted for this as-
pect by controlling for days in the study which showed no significant effect and by visualizing
the variability within the measurements and the individual development in supplement figures
1-7. Additionally, the EMA triggers for valence, energetic arousal, and calmness were sent
after a period of inactivity was detected by the accelerometer in addition to a trigger in the
evening when the participants finished the day in the applications (provided no trigger was sent
during the previous hour). Therefore, the number of triggers sent per day (which responses
were then averaged, range 1-9) varied between the days and persons. The large amount of
missing data also needs to be addressed which limits the generalizability of the findings. How-
ever, as stated in the method section, sensibility analyses yielded comparing results and multi-
level approaches are fairly robust to missing data. Moreover, daily mean values were used in
this study instead of time-lagged predictors which are important for the interpretation as PA
and affect can have a bidirectional relationship (Liao et al., 2015). As it is not known if the
participants were active before, during, or after the assessments in this study, the multilevel
modeling results concern the overall association of the measures on a certain day but are not
related to the question of the time-related direction of the effect. Furthermore, it is unclear if
the daily mean values for valence, energetic arousal and calmness are representative of the
person's average as they were answered once to multiple times per day and the different pa-
rameters of affect are known to change throughout the day (Reichert et al., 2020). Finally, the
selection of epoch lengths is important to consider for PA estimations by accelerometers, es-
pecially if both adults and children are included in the study (Fiedler et al., 2021). The choice
of another epoch length (e.g. 10-second epochs instead of 60-second epochs) might have led

to differing findings for intensity-related parameters (i.e. MVPA).
Conclusion

The study expands previous findings from studies examining the dynamic relations of PA,
sleep quality and affective states by considering the whole day instead of shorter timeframes,
focusing on multiple outcome parameters and predictors during an intervention period, and by
including both adults and children as participants of the study. The results confirm that every
one unit increase in self-rated energetic arousal and valence was associated with 336.23 and
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489.64 higher step count per day respectively, while every one unit increase in valence was
associated with 6.55 more minutes MVVPA while energetic arousal was not associated with
MVPA. Additionally, an one unit increase in calmness was associated with 244.11 fewer steps
and 2.07 fewer minutes MVPA per day. The additional exploration found sex, age, non-wear
time, and the differentiation between weekday and weekend as important covariates and con-
trol variables for PA. Overall, this study shows that affective states are important predictors for
PA and should be included in the development of effective mHealth interventions to facilitate
health behavior change. Future EMA studies should explore the dose-response relationship for
predictors and covariates of PA while future intervention studies should consider the known
associations between predictors and PA as possible targets for individual tailoring of the inter-
ventions. In doing so, barriers for PA uptake can be identified and targeted by including the
individual needs for each person under a variety of circumstances into the equation and form

the basis for highly individualized just-in-time adaptive interventions.
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Chapter 7 General discussion

In our work, we delved into a variety of questions around mobile health interventions for phys-
ical activity behavior change for healthy participants. Overall, mobile health interventions for
physical activity are a large and growing research field with many still unanswered questions.
There are so many different aspects that have to be considered for mobile health interventions
that it is of uttermost importance to gain an overview of the most potent influences for a certain
behavior, environment, and participant group. Our work aimed to refine the focus on promising
and yet understudied aspects of mobile health interventions for healthy participants under con-

sideration of previous findings. Our five articles found

1. mobile health interventions to be potentially effective which was facilitated by theo-
retical foundation and behavior change techniques (Fiedler et al., 2020), while the
influence of just-in-time adaptive interventions was underreported and methodologi-
cal issues limited the comparability of studies;

2. differences between device-based measured and self-reported physical activity are
seldom stable over time (Fiedler et al., 2021), limiting comparability between differ-
ent measures;

3. just-in-time adaptive interventions for physical activity show great potential for be-
havior change (Wunsch et al., 2022) and could be designed and reported using our
adapted framework;

4. engaging with just-in-time adaptive interventions is associated with enhanced physi-
cal activity up to two hours after the trigger (Fiedler et al., submitted) while distinc-
tive effects appear for step vs. metabolic equivalent count in the longer timeframes;

5. core affect is associated with physical activity during intervention studies (Fiedler et
al., 2022) and could be a valuable addition to intervention designs.

To gain a better impression of our work, it is important to consider some limitations of the

articles included in this thesis.

Our first overview article (Fiedler et al., 2020) strongly depended on the detailed reporting
of our selected key facets in the included reviews. While the key facets of choice were selected
based on previous literature (Glanz et al., 2008; Hardeman et al., 2019; Heron & Smyth, 2010;
Morrison et al., 2012; Prestwich et al., 2014; Schembre et al., 2018; Umberson et al., 2010;
Vineretal., 2012; Webb et al., 2010), there might be several additional important factors which

are related to intervention effectiveness but have not been evaluated in greater detail within our
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review. Additionally, important published studies might not have been included as they were
not yet part of any review. This might be one reason why the most recent developments like

just-in-time adaptive interventions were not found by our umbrella review.

For our second article (Fiedler et al., 2021) concerning reliability, comparability, and stabil-
ity of different physical activity measures, it needs to be considered that the true amount of
physical activity or energy expenditure of the participants remains unknown as no gold stand-
ard measurement like direct observation or indirect calorimetry as criterion measures have been
used in this examination (Burchartz et al., 2020; Keadle et al., 2019). Additionally, the gener-
alizability of this explorative study is limited by the rather small sample size and the use of the
spearman correlation, due to the distribution of the data and the number of comparisons, instead
of intraclass correlation coefficients (Koo & Li, 2016; Liu et al., 2016) or Bland Altman plots
(Giavarina, 2015).

Our synthesis of just-in-time adaptive intervention frameworks (Wunsch et al., 2022) is
mainly limited by the novelty of the research field, limited studies on effectiveness, and a non-

systematic approach to the literature search in this position paper.

The main limitation of our fourth article (Fiedler et al., submitted) regarding the engagement
with just-in-time adaptive interventions was the lack of a true control condition that would have
allowed us to draw conclusions about causality. Furthermore, participants of this examination
were already quite active which limited the occasions when the trigger has been sent and there-
fore limited the number of level 1 assessments, especially in children. Since this was a second-
ary examination of a larger study, additional intervention aspects like goal setting and the social

context might have influenced the results.

This limitation is also true for our fifth article (Fiedler et al., 2022). Furthermore, the results
of this article are limited by the accumulation of ecological momentary assessments based on
a limited number of questions per day which were mostly triggered after a period of inactivity.

A large amount of missing data also needs to be recognized.

Under consideration of these limitations and the fact that mobile health interventions are a
relatively new and fast-evolving field, our work contributed to I) an overview of the current
evidence on electronic and mobile health effectiveness for healthy participants, Il) evaluating
methodological issues for the measurement of physical activity, and I11) the conceptualization,
evaluation, and possible future directions for an understudied potential key facet for mobile

health interventions (i.e. just-in-time adaptive interventions).
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Nevertheless, there are plenty of open questions about the effectiveness of mobile health inter-
ventions which have not been included in our work and should be considered by future research.

We will evaluate some of them in the following chapters.
Question 1

What are important considerations to progress future mobile health studies for phys-

ical activity promotion?

Our umbrella review (Fiedler et al., 2020) confirmed that theoretical foundation and behavior
change techniques are important facets of effective mobile health interventions. What remains
unclear is which theories or behavior change techniques are especially promising for different
settings and participants and if dynamically changing theories are a better fit than traditional
theories for the fast-evolving field (Martin et al., 2014; Navarro-Barrientos et al., 2011; Riley
et al., 2011; Riley et al., 2016). Additionally, the impact of social context on effectiveness
remains unclear and should be examined more thoroughly e.g. regarding workplace, or family
interventions and the role of social support or competition regarding specific participant sam-
ples (Buckingham et al., 2019; Tong & Laranjo, 2018; Wunsch et al., 2020). Further important
issues not included in our review regard for example differences in the socioeconomic status
of the target group where Western and colleagues (2021) found no evidence for mobile health
effectiveness in participants with low socioeconomic status. This is especially troublesome as
noncommunicable diseases have a higher prevalence and more severe health consequences in
this group (Lago-Pefias et al., 2021) and effective interventions for behavior change could be
beneficial to prevent noncommunicable disease development in this target group (Beaglehole
etal., 2011; Bull et al., 2020). Furthermore, while evidence for small to medium effect sizes in
adults is readily available, the effectiveness of mobile health interventions for children and
adolescents is still limited (Baumann et al., 2022; Béhm et al., 2019; Domin et al., 2021; M6n-
ninghoff et al., 2021; Sporrel et al., 2021). As physical activity and health behavior during
youth are important determinants for health behaviors later in life (Baird et al., 2017), the ben-
efit of effective interventions during the early years could magnify the impact. Since the digital
natives are already using digital devices on a daily basis (Naszay et al., 2018), barriers to the
use of mobile health interventions are probably low in this group. Another important point is
to consider if participants have access to areas where they can be physically active (Giles-Corti
et al., 2022). While this is something mobile health interventions cannot change directly, it

would be important to include this as a covariate for the evaluation to understand barriers to
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physical activity uptake (Dunton, 2017) and to indicate opportune moments for physical activ-
ity (Gonul et al., 2019; Rabbi et al., 2015). A big issue is also the lack of evaluation of the long-
term effectiveness of mobile health interventions (Monninghoff et al., 2021) which would be
crucial for sustainable health behavior change. Finally, the evaluation of the variety of param-
eters linked to intervention effectiveness requires a precise and transparent reporting of all de-
tails in studies (Domin et al., 2021; Kwasnicka et al., 2022; Norris et al., 2022). This is espe-
cially important for the main outcomes (i.e. physical activity) where we found the selection of
the outcome and assessment methodology to have a large impact on total physical activity es-
timations and a lack of comparability between the assessment methods in our second article
(Fiedler et al., 2021). Only then can clear conclusions about the effectiveness for different par-
ticipant groups and settings be detangled, and progress in the field be accelerated. In a practical
sense, it remains important to consider the relevant aspects when recommending electronic or
mobile health devices to the broader public. It is crucial to distinguish between commercial

claims and scientific evidence.

As our thesis had a particular focus on just-in-time adaptive interventions for physical ac-
tivity promotion, we will narrow the following chapter down to this topic. Just-in-time adaptive
interventions are especially promising as technological advances allow for continuous meas-
urement of parameters of interest to unravel within-person differences over time (Dunton,
2017; Reichert et al., 2020; Trull & Ebner-Priemer, 2013) which can then be potentially used
to adapt the interventions to each participant (Conroy et al., 2020; Gonul et al., 2019; Kwas-
nicka & Naughton, 2020; Nahum-Shani et al., 2015; Nahum-Shani et al., 2018; Tong et al.,
2021). Yet, research on just-in-time adaptive interventions as well as continuously assessing
outcomes and tailoring variables are still in their infancy (Reichert et al., 2020; Tong et al.,
2021).

Question 2

What has to be considered in future just-in-time adaptive interventions for physical

activity promotion?

As discussed earlier, the main challenge for a successful implementation of just-in-time adap-
tive interventions remains the opportune moment identification (Gonul et al., 2019). Here, the
choice of sensor input to decide if a moment is a truly opportune moment or not has to be
considered with great care and the decision has to rely on reliable, valid, and feasible measure-

ments. Thankfully, there is a lot to learn from previous ambulatory assessment studies as those
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studies also rely on real-time assessments using e.g. e-diaries and require a good sample strat-
egy to assess ecological valid data (Ebner-Priemer et al., 2013; Reichert et al., 2020; Trull &
Ebner-Priemer, 2013). While these assessments can be triggered randomly or during fixed
times throughout the day to access e.g. affect (Trull & Ebner-Priemer, 2013), previous studies
also used sensor input for specific questions. Here, the triggering of diaries has been adapted
by surpassing thresholds for physical activity (Ebner-Priemer et al., 2013), distance covered
via Global Positioning System (Tost et al., 2019), thresholds for sedentary behavior (Giurgiu
et al., 2020), physically inactive phases (Fiedler et al., 2022), and elevated heart-rate indicating
emotional events (Ebner-Priemer et al., 2007). This research is crucial to lay the foundation for
just-in-time adaptive interventions by exploring opportune moments for behavior change and
the feasibility of sensor input as triggers. Additionally, as e.g., core affect is associated with
physical activity on the same day (Do et al., 2021; Fiedler et al., 2022) and especially with the
minutes following the ecological momentary assessments (Y. Liao et al., 2015), core affect
could be included in just-in-time adaptive interventions by tailoring e.g. the message sent at a
decision point based on core affect of the participant. Another possibility would be to aim to
increase e.g. valence as a proximal outcome to enhance physical activity in the following time
(if the association between valence and physical activity proves to be causal). While there are
many additional promising variables like blood sugar (Clavel et al., 2022), oxygen consump-
tion (Duking et al., 2022), and blood pressure (Moon et al., 2020) which can be assessed con-
tinuously using smartwatches, smart patches, or smart clothing, many of those still lack the
validity, especially under everyday life conditions (Shei et al., 2022). One main reason for the
abundance of wearable technology paired with limited quality criteria is that most devices are
commercial devices that lack transparency of algorithms and high-quality validation studies
(Shei et al., 2022). Therefore, current just-in-time adaptive interventions are still limited in the

choice of parameters which will most likely extend within the next years.

It is therefore no surprise that previous just-in-time adaptive intervention studies for physi-
cal activity promotion or sedentary behavior reduction focused on parameters that already meet
quality criteria like Global Positioning System, accelerometers, time of day, weather, and dig-
ital diaries for opportune moment identification (Hardeman et al., 2019). The review of Har-
deman and colleagues (2019) found that those studies were mainly feasibility studies with a
lack of randomized controlled trials, small sample sizes, within-person perspectives, and trans-
parent and uniform reporting. We addressed that gap with our third article (Wunsch et al., 2022)

by providing a framework for future just-in-time adaptive interventions. Additionally, in our
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fourth article (Fiedler et al., submitted) we evaluated the importance of engagement with a just-
in-time adaptive intervention within-persons in a pre-registered study while providing all data
and analysis code for transparency. Furthermore, we found core affect to be related to daily
physical activity during our intervention study within our fifth article (Fiedler et al., 2022),
which confirmed findings from previous ecological momentary assessment studies (Cushing
et al., 2017; Do et al., 2021; Dunton et al., 2014; Y. Liao et al., 2017; Niermann et al., 2016;
Reichert et al., 2016; Schwerdtfeger et al., 2010). This points to core affect being an important
moderator for behavior change and just-in-time adaptive intervention effectiveness in particu-
lar which could be targeted by intervention as a proximal variable if the relation proofs to be
causal. Further important considerations for just-in-time adaptive interventions and tailored
interventions, in general, are to explore the person-specific dose for the interventions (Conroy
et al., 2020; Goldstein et al., 2020; Hojjatinia et al., 2021; P. Liao et al., 2018) to avoid over-
burdening participants. That can be achieved using machine learning processes adapted to per-
sonal preferences and sensor input to minimize untimely triggers (Gonul et al., 2019). Rabbi
and colleagues (2015) used a sequential decision-making algorithm that delivered automatic
suggestions for physical activity and dietary behavior. They report promising results but also
important lessons learned. Here, they point out that user input is important to correct for
changes in the environment (e.g. by relocating), social circle (e.g. an exercise peer being on
vacation), or adding new habits (e.g. starting to go to the gym). As the algorithm can only learn

from the past, it is slow to adapt to new circumstances without user input.

To advance the knowledge about such highly individualized interventions and their moder-
ators, within-subject perspectives in longitudinal data analyses are needed to assess the time-
varying effects. One common statistical method to examine those effects is general linear
mixed models, also called multilevel models or hierarchical linear models (Hoffman, 2015),
which we applied in our fourth (Fiedler et al., submitted) and fifth article (Fiedler et al., 2022).
To evaluate causality and improve just-in-time adaptive interventions, N-of-1 trials (Kwas-
nicka & Naughton, 2020; McDonald et al., 2017) and micro randomized trials (Klasnja et al.,
2015; Qian et al., 2022) are recommended designs. N-of-1 trials can be used to explore within-
person associations and treatment effects where participants are their own control group. These
designs are extremely helpful to identify patterns of behavior, within-person differences, and
antecedents or consequences of behavior (Dunton, 2017; Kwasnhicka & Naughton, 2020;
McDonald et al., 2017). In micro randomized trials, each participant is randomly assigned to

be triggered or not at decision points many times throughout the trial and within-person
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differences can then be estimated to evaluate the effectiveness of the trigger (Klasnja et al.,
2015; Qian et al., 2022). This allows not only to evaluate the effect on a proximal target (e.g.
being active in the minutes after the trigger) but also the effect as a moderator for a distal target
(e.g. physical activity behavior change in a pre-post design) and time lagged effects (e.g. fol-
lowing a recommendation not immediately but remembering it at the next occasion), and is
especially useful for just-in-time adaptive interventions (Klasnja et al., 2015; Qian et al., 2022).
Additionally, qualitative research evaluating stakeholder and participant feedback and includ-
ing participants during the design of such interventions using intervention mapping approaches
can have great benefits (Direito et al., 2018; Fernandez et al., 2019). By doing so, barriers for
physical activity uptake in the participant group of choice can be detected a priori, their needs
be addressed, and appropriate theoretical foundation and behavior change techniques selected
for the most promising intervention design (Direito et al., 2018).

After discussing the variety of requirements to successfully design and evaluate mobile
health interventions, just-in-time adaptive interventions for physical activity, and related topics,
it is a natural conclusion that interdisciplinary research throughout (but not limited to) the areas
of psychology, engineering, sports science, statistics, and informatics are needed to enhance
and evaluate sensors, develop behavior change theories to guide interventions, provide timely
feedback, consider different aspects of physical activity or inactivity measures and pool all of
it together into sophisticated yet feasible and accepted applications (Molina Recio et al., 2016;
Nahum-Shani et al., 2018; Nilsen et al., 2012). While this sounds reasonable in theory, inter-
disciplinarity also has its challenges and requires thorough organization and communication to
climb the ladder from creating a stable application to achieving a clinically effective interven-
tion (Blandford et al., 2018).

Question 3

Which participants could particularly profit from future just-in-time adaptive inter-

ventions?

Future just-in-time adaptive interventions are promising to promote physical activity in groups
of patients who have additional benefits from the highly individualized approach like knee
osteoarthritis (Esser & Bailey, 2011). Osteoarthritis in the knee joint has a high prevalence and
severe risk for disability and comorbidities like cardiovascular diseases in today's society (Cui
et al., 2020; Palazzo et al., 2016). Here, physical activity has been found to be beneficial for
pain reduction and improvement of physical function while patients have a high prevalence of
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physical inactivity, and exercise interventions are an effective but underused tool for health
improvements (Bosomworth, Neil, J., 2009; Cronstrom et al., 2019; Esser & Bailey, 2011; Gay
et al., 2016; Kraus et al., 2019). In this special case, it is important to consider an optimal
amount and type of physical activity (e.g. avoiding jumps) to reduce the pain, and disability
and enhance the physical function, and quality of life of the patients (Kraus et al., 2019). Pre-
vious digital health studies on this topic showed promising results and good acceptance of the
intervention by participants (Berry et al., 2018; Bossen et al., 2013; Nero et al., 2017; Safari et
al., 2020). Here, just-in-time adaptive interventions could advance web-based approaches by
adapting the intervention according to sensor input which indicates the daily load on the knee
joint (Inan et al., 2018; van der Straaten et al., 2018) and e.g. the assessment of pain (Stone et
al., 2021). This could provide the participant with the optimal daily activity dose which in-
cludes personal experiences (i.e. pain) and recommend feasible physical activities. By receiv-
ing highly individualized feedback and recommendations for physical activity uptake, partici-
pants' fears to engage in too much or inappropriate exercises could be reduced while keeping

them active and improving their health.

To conclude, physical activity promotion in healthy participants remains a tedious but es-
sential topic to enhance health behavior throughout the lifespan and support the prevention of
noncommunicable diseases. Here, digital behavior change interventions are especially promis-
ing due to their high acceptance and availability of devices in the population (chapter 1). Our
work included in this thesis contributes to the development of effective mobile health interven-
tions in many ways. We highlighted key facets for effective interventions and indicate under-
studied or problematic topics in digital health promotion (chapter 2). Based on these shortcom-
ings, we contributed to the understanding of discrepancies between different self-reported and
device-based physical activity measures (chapter 3). As we found just-in-time adaptive inter-
ventions to be understudied in healthy participants, we combined previous frameworks and
highlighted challenges and opportunities for these highly individualized interventions (chapter
4). In the next step, we advanced previous knowledge about the importance of engagement
with just-in-time adaptive interventions and opportune moment identification (chapter 5), and
the association of core affect with physical activity during interventions (chapter 6). Finally,
we refined and expanded our findings to provide important considerations for future mobile
health interventions for physical activity promotion in general, and just-in-time adaptive inter-
ventions in particular, including a knowledge transfer to the promising field of just-in-time

adaptive interventions for patients with knee osteoarthritis (chapter 7). Overall, we are
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convinced that the field of digital interventions can develop into an important addition to con-
ventional intervention methods if previous shortcomings highlighted by this thesis are ad-

dressed in future research, and different branches of science cooperate effectively.
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