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Abstract 

Rising healthcare costs are pushing healthcare systems to their limits. Non-
communicable diseases (NCDs) such as diabetes or cancer cause more than half of 
healthcare spending.  Research shows that NCDs depend on a set of modifiable risk 
factors and that unhealthy human lifestyles are responsible for 45%–75% of disease risk. 
Preventative health interventions supporting healthier lifestyles are thus needed to 
combat the rise in NCDs, to control health care spending, and to future-proof healthcare 
systems. However, currently only 3% of health spending are allocated to prevention. 
Moreover, the potential of mobile health (mHealth) technologies for health behavior 
change remains underresearched.  

This dissertation consists of four articles that explore the potential of preventative 
mHealth interventions in supporting healthier lifestyles. It also investigates how digital 
technologies can help future-proof healthcare systems.  

Article I provides a comprehensive summary of the existing research on the 
short- and long-term effectiveness of mHealth physical activity interventions. It 
quantitatively summarizes 117 studies in a meta-analysis and finds that mHealth 
physical activity interventions lead to small to moderate activity increases that are 
maintained up to 14 months post intervention.  

Building on the first article, Article II investigates how gamification can increase 
the long-term effectiveness of preventative mHealth interventions. Based on two case 
studies, it develops a novel motivational framework for gamification and provides 
guidelines for gamifying activity tracking apps to prevent motivational crowding out.  

Article III explores the use of future-self avatars to overcome present bias in 
preventative mHealth interventions. Using a randomized-controlled trial research 
design, the article finds that the future-self avatar intervention directionally increases 
physical activity and improves the nutritional quality of food purchases.  

Article IV takes a broader perspective and explores the impact of digital 
technologies on future-proofing healthcare systems. 
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Zusammenfassung 

Steigende Kosten bringen unsere Gesundheitssysteme an ihre Grenzen. Nicht-
übertragbare Krankheiten (NCDs) wie Diabetes oder Krebs verursachen mehr als die 
Hälfte dieser Gesundheitsausgaben. Studien zeigen, dass NCDs von einer Reihe 
beeinflussbarer Risikofaktoren begünstigt werden, welche für 45 bis 75 Prozent des 
Krankheitsrisikos verantwortlich sind.  Präventive Gesundheitsmaßnahmen, die einen 
gesünderen Lebensstil unterstützen, sind daher notwendig, um den Anstieg der NCDs 
zu bekämpfen, die Gesundheitsausgaben zu kontrollieren und unser Gesundheitssystem 
zukunftssicher zu machen. Derzeit werden jedoch nur drei Prozent aller Ausgaben in 
Gesundheitsprävention investiert und es fehlen Erkenntnisse, wie digitale Technologien 
gesundes Verhalten fördern können.   

Diese Dissertation beleuchtet das Potenzial von präventiven Mobile-Health-
Interventionen (mHealth) in vier Artikeln und untersucht, wie digitale Technologien 
unser Gesundheitssystem zukunftsfähiger machen können.  

Artikel I bietet eine umfassende Zusammenfassung der bestehenden Literatur 
über die kurz- und langfristige Wirksamkeit von bewegungsfördernden mHealth-
Interventionen. Der Artikel fasst 117 Studien in einer Meta-Analyse quantitativ 
zusammen und kommt zu dem Ergebnis, dass mHealth-Bewegungsinterventionen zu 
kleinen bis moderaten Aktivitätssteigerungen führen, die bis zu 14 Monate nach der 
Intervention andauern.  

Aufbauend auf dem ersten Artikel untersucht Artikel II anhand von zwei 
Fallstudien, wie Gamifizierung die langfristige Wirksamkeit von präventiven mHealth-
Interventionen erhöhen kann. Der Artikel entwickelt ein neues Motivations-Modell und 
gibt Designempfehlungen, wie Aktivitätstracking-Apps gamifiziert werden sollten, 
damit Motivations-Crowding-Out verhindert werden kann.  

Artikel III erforscht, ob Future-Self-Avatare als Instrument in präventiven 
mHealth-Interventionen dazu beitragen können, present bias zu vermindern. Unter 
Anwendung eines randomisierten, kontrollierten Studiendesigns kommt der Artikel zu 
dem Ergebnis, dass Future-Self-Avatare zu mehr Bewegung und einer verbesserten 
Ernährung führen könnten.   

Artikel IV nimmt eine übergeordnete Perspektive ein und untersucht die 
Potenziale, die digitale Technologien bei der Zukunftssicherung unserer 
Gesundheitssysteme haben können. 
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Introduction 

Preventative mHealth Interventions and Health Digitization 

Globally, rising healthcare costs are pushing healthcare systems to their limits. In 
Switzerland, healthcare costs have doubled in the past 20 years (Bundesamt für Statistik, 
2021). In the United States, medical costs have become the primary reason for private 
bankruptcy (Himmelstein et al., 2019), while in China government healthcare spending 
has quadrupled in the past 10 years (Yip et al., 2019). Increased life expectancy and the 
resulting rise in non-communicable diseases (NCDs) have been identified as key cost 
drivers, next to advances in medicine that offer ever better but often more expensive 
treatment options (Muka et al., 2015; Sorenson et al., 2013). Today, NCDs such as 
cardiovascular illnesses, diabetes, cancer, or dementia account for 59%–85% of 
healthcare spending in developed countries such as New Zealand or Switzerland 
(Blakely et al., 2019; Bundesamt für Gesundheit, 2016). Successfully tackling the 
healthcare cost challenge thus goes hand in hand with finding efficient and effective 
ways of lowering the financial and social burden of NCDs.  

Research shows that NCDs largely depend on a set of modifiable risk factors. In 
its Global Action Plan for the Prevention and Control of Non-Communicable Diseases, 
the World Health Organization (WHO) identifies four core risk factors for NCDs: 
tobacco use; insufficient physical activity; unhealthy, sodium-rich diets; harmful use of 
alcohol (World Health Organization, 2013). Experts estimate that addressing these risk 
factors and complying with the resulting recommendations for healthier lifestyles can 
lower or delay the risk of contracting NCDs significantly by up to 45%–75% (Peters et 
al., 2019). 

Preventative health interventions supporting healthier lifestyles are thus needed 
to combat the rise in NCDs, to curb rising health care spending, and to future-proof 
healthcare systems. However, today’s healthcare systems are oriented toward treating 
diseases. The Organization for Economic Co-operation and Development (OECD) 
estimates that currently, 97% of healthcare spending are allocated to the treatment of 
diseases, while only 3% are invested in prevention (Gmeinder et al., 2017). 
Consequently, rethinking is urgently needed.  
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Research on preventative health interventions is multifaceted and has explored 
strategies for increasing physical activity (Dishman et al., 2007), reducing weight 
(Horvath et al., 2008), reducing smoking (Raw et al., 1998; Rigotti et al., 2008), 
promoting healthier diets (Bhattarai et al., 2013; De Ridder et al., 2017), and reducing 
alcohol consumption (Bertholet et al., 2005). Experts, however, conclude that 
interventions are too often implemented in small, controlled settings rather than being 
rolled out to larger populations (Hallal et al., 2012). In order to significantly reduce risky 
lifestyles, scalable preventative health interventions are needed (Reis et al., 2016). 
Scalability is defined as “the ability to scale up an intervention without requiring human 
resources” (Mönninghoff et al., 2021, p. 4). However, there are various barriers, 
including costs, resource restrictions, and poorly scalable intervention designs 
(Kowatsch et al., 2019; Reis et al., 2016). Owing to the increasing dissemination and 
ubiquity of digital technologies, mobile health (mHealth) interventions have been 
discussed as a solution for overcoming scalability challenges (Fairburn & Patel, 2017; 
Richard et al., 2019). mHealth interventions are defined as “programs that fully or partly 
deliver interventions using mobile technology such as pedometers or accelerometers 
with displays, activity trackers, smartphones, or tablets (Mönninghoff et al., 2021, p. 
3)”.  

Four Articles on mHealth Interventions and Health Digitization 

This dissertation thus explores the potential of preventative mHealth 
interventions in supporting healthier lifestyles, and investigates how digital technologies 
can help future-proof healthcare systems. 

Articles I and II focus on mHealth interventions targeting physical activity 
increases. Previous reviews have synthesized the effectiveness of mHealth physical 
activity interventions and found mixed effects (Bratava et al., 2007; Brickwood et al., 
2019; De Vries et al., 2016; Direito et al., 2017; Franssen et al., 2020; Gal et al., 2018; 
Kirk et al., 2019; Qiu et al., 2014; Romeo et al., 2019; Schoeppe et al, 2016; Smith et 
al., 2020; Vaes et al., 2013). So far, however, only two reviews have quantitively 
investigated the longer-term effects of such interventions (Chaudhry et al., 2020; 
Yerrakalva et al., 2019), albeit with inconclusive results.  

Article I addresses this research gap and is the most comprehensive study to date 
on the effectiveness of mHealth physical activity interventions. It systematically reviews 
the existing literature on mHealth physical activity interventions regarding their short- 
and long-term effectiveness. Using a random-effects model, this article quantitively 
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summarizes 117 studies in a meta-analysis. It finds that such interventions are of small 
to moderate effectiveness (SMD 0.28-0.46). They increase activity levels at the end of 
the intervention by 1566 steps per day and by 36 incremental minutes of moderate to 
vigorous physical activity (MVPA) per day. Increases are maintained beyond the end of 
interventions, however with decreasing effect size. Long-term follow-up measurements 
taken on average 14 months after the end of an intervention still found 851 incremental 
steps per day and 24 minutes of incremental MVPA. The article also investigates 
multiple effect moderators and finds that population moderates the effectiveness of 
mHealth physical activity interventions, with interventions being more effective in sick 
or at-risk populations and less effective in healthy populations and preventative settings.  

The following two articles build on the findings of Article I. Article II 
investigates how the long-term effectiveness of preventative mHealth interventions can 
be increased. Prior research has found that mHealth activity trackers act as an extrinsic 
incentive and increase short-term performance, but crowd out longer-term intrinsic 
motivation (Etkin et al., 2016; Kruglanski et al., 1975). While gamifying mHealth 
interventions potentially helps overcome motivational crowding out due to its intrinsic 
motivational qualities (Hamari et al., 2014; Teixeira et al., 2012), this area remains 
underresearched. Article II contributes to closing this research gap. Building on two case 
studies of gamified physical activity apps (Zombies, Run! and Jump, Jump Froggy 2), 
it presents a motivational framework for gamification. The article argues that owing to 
differences in the motivational impact of game elements, gamification should not be 
evaluated as a single, unified phenomenon but broken down into individual game 
elements. To promote long-term motivation, the novel framework suggests focusing on 
gamifying physical activity instead of post-tracking feedback, as gamifying ulterior 
motives to be active only results in short-term performance increases and may promote 
motivational crowding out.  

Article III also complements the findings of article I. Its systematic review 
(article I) shows that mHealth interventions are less effective when employed in 
preventative settings with healthy populations (Mönninghoff et al., 2021). Present bias 
theory (i.e., the tendency of consumers to take suboptimal decisions due to over-
discounting future gains; cf., Ersner-Hershfield et al., 2009; Hershfield et al., 2011; 
Hunter et al., 2018; Wang & Sloan, 2018) contributes a potential theoretical explanation 
for the lower effectiveness of preventative mHealth interventions. Future-self avatar 
interventions (i.e., interventions that use age-progressed renderings of the user within 
the interface) have reduced present bias in related fields (Hershfield et al., 2011). 
Nevertheless, there is no evidence whether such interventions change health behavior.  
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Article III thus examines whether and, if so, how future-self avatars can help 
make mHealth interventions more effective. It investigates how a preventative future-
self avatar mHealth intervention impacts physical activity and food purchasing behavior 
in a randomized-controlled trial research design. It finds that the future-self avatar 
mHealth intervention leads to small directional increases in physical activity and to 
directional improvements in the nutritional quality of food purchases. Compared to the 
control mHealth intervention, which uses a conventional number and text- based 
interface, the future-self avatar intervention significantly increases intrinsic motivation 
(P=.03) and directionally improves outcome expectancy. Overall, the article finds that 
future-self avatar mHealth interventions promise to encourage improvements in 
physical activity and food purchasing behavior in healthy population groups. 

Finally, Article IV takes a broader perspective and explores the impact of digital 
technologies on future-proofing healthcare systems. Taking the current Covid-19 
epidemic as an example, the article illustrates how digitized health care systems are 
better equipped to cope with unforeseen health crises. It identifies five reasons why 
digitization in healthcare must be accelerated beyond the Covid-19 epidemic.   

Figure 1 provides an overview of the structure and the respective research 
designs of the four articles gathered in this cumulative dissertation. For a more detailed 
overview (i.e., title, authors, abstract, keywords, status, publication reference), please 
refer to Tables 1–4 (see Appendix below).  
 
Figure 1: Exploring Preventative mHealth Interventions & Health Digitization 
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Conclusion and Implications 

The four articles of this dissertation advance our understanding of the 
effectiveness and design principles of preventative mHealth interventions, and of the 
overall opportunities of digital technologies for future healthcare systems. The findings 
are aimed at and will benefit a broad audience, including researchers, medical 
professionals, health policy makers, insurance companies, and commercial app 
developers.  

Practical Implications 

Article I confirms the potential of mHealth interventions to increase physical 
activity short-term at the end of interventions. However, it also shows that higher 
physical activity levels are maintained at medically significant levels up to 14 months 
post-intervention. The results suggest that medical professionals and health policy 
makers should develop large-scale mHealth physical activity programs that leverage 
scalable mHealth intervention designs as these were found to be equally effective to 
intervention designs relying on human to human interaction, which are costly and 
complicate large-scale roll-out. Furthermore, medical professionals and health policy 
makers should prioritize sick and at-risk population groups when rolling-out mHealth 
physical activity intervention programs as these are more effective in such population 
groups.  

Article II establishes a motivational framework for gamification that provides 
concrete design guidelines to commercial app developers and health decision-makers 
responsible for designing preventative mHealth interventions, such as activity trackers. 
The findings suggest that in order to stimulate intrinsic motivation and encourage long-
term usage, decision-makers should gamify activities with game elements such as 
sound, narrative context, or avatars, among others. The findings also indicate that 
moderately active consumers in particular require intrinsically motivating game 
elements to promote behavior change. Commercial app developers might increase their 
consumer base by marketing intrinsically motivating gamified tracking solutions to 
moderately active consumers (cf., Peloton bike concept). These could supplement their 
current product solutions, which mainly use post-tracking game elements and target 
consumers with inherent intrinsic activity motivation.  

The findings of Article III demonstrate that future-self avatars promise to 
improve the effectiveness of preventative mHealth interventions targeting physical 



Introduction 

8 

 

activity increases and improvements in the nutritional quality of food purchases. 
Commercial app developers and health decision-makers should consider using such 
alternative interfaces when targeting young, healthy customer groups who are most 
likely to be present-biased. Additionally, the results show that leveraging digital receipts 
from loyalty cards is a feasible and acceptable means of tracking food purchases in a 
fully-automated way. Health insurance companies providing preventative health 
solutions to their customers should consider including such technologies, so as to offer 
their customers a convenient way of tracking their nutrition.  

Lastly, Article IV provides five practical insights into why digitization should be 
accelerated to future-proof healthcare systems. The findings provide health decision-
makers and consumers with concrete examples of the benefits of accelerated 
digitization, ranging from increased efficiency and cost saving potentials due to digital 
triage apps, to improved access to healthcare services in remote areas thanks to 
telemedicine solutions or online pharmacies.  

Theoretical Implications, Limitations and Future Research 

The four articles of this dissertation primarily contribute to interdisciplinary research on 
preventative mHealth interventions and digital health technologies.  

By quantitively synthesizing existing research on the effectiveness of mHealth 
physical activity interventions, Article I provides the most comprehensive assessment 
to date of the short- and long-term effects of such interventions on physical activity.  

Article II establishes a conceptual framework for gamification in the context of 
activity tracking. It reviews the existing literature on gamification in the preventative 
health context and is the first study to conceptualize the motivational impact of different 
game elements. It conceptually combines the research stream of gamifying mHealth 
interventions (Hamari et al., 2014; Johnson et al., 2016; Lister et al., 2014; Thorsteinsen 
et al., 2014) with self-determination theory (Ryan & Deci, 2017), motivational crowding 
out (Etkin, 2016; Kruglanski et al., 1975), and goal systems theory (Kruglanski et al., 
2018). 

Article III contributes to the research on present bias theory in the context of 
health interventions. Building on Schwarzer’s (2008) Health Action Process Approach, 
the article shows that a future-self avatar potentially promotes higher outcome 
expectancy and thus minimizes present bias.  

The findings of this dissertation are obviously not without limitations. While 
Article I provides the most comprehensive review of mHealth physical activity 
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interventions to date, the included evidence rates low to very low in the GRADE 
framework (Guyatt et al., 2011). Low-quality evidence is common in many systematic 
reviews for three reasons: (1) Qualitative outcome assessment via surveys is still a 
frequently used methodology in mHealth physical activity research; (2) the included 
studies have high attrition rates; (3) research personnel and participants are not blinded 
in terms of group allocation (Brickwood et al., 2019; Direito et al., 2017; Kirk et al., 
2019; Qiu et al. 2014). Hence, more primary research using objective, quantitative 
outcome measurements and thorough research designs is needed to confirm that 
mHealth physical activity interventions can lead to long-term physical activity increases 
at medically significant levels.  

Additionally, the motivational framework for gamification in Article II was 
developed based on two case studies of gamified physical activity tracking apps and on 
a thorough review of the existing literature. However, the framework has yet to be 
empirically validated. Further research is needed to empirically validate the novel 
framework using experimental quantitative research designs.  

The strengths of Article III are its rigorous randomized-controlled trial research 
design and the objective measurement of all outcome measures. However, due to a 
higher than expected attrition rate, the sample size in the trial was small at the end of 
intervention, leading to directional yet insignificant results for the two primary 
outcomes. High attrition rates are a common problem in mHealth research (Eysenbach, 
2005). Future research should confirm the directional research results, in order to fully 
evaluate the potential of future-self avatar interfaces for preventative mHealth 
interventions.  

Lastly, Article IV is partly based on a book titled Die Digitale Pille (Fleisch et 
al., 2021). The article was written to address an audience of practitioners and is thus 
limited in length and detail. The book publication provides further context and detail, 
and thus helps to fully understand the potential of digital technologies for future 
healthcare systems.  

Please refer to the respective articles for a detailed discussion of their practical 
and theoretical contributions, limitations, and future research directions. 
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Table 1: Overview of Article I 
Title Long-Term Effectiveness of mHealth Physical Activity Interventions: Systematic Review and 

Meta-Analysis of Randomized Controlled Trials 
Authors Annette Mönninghoff, Jan-Niklas Kramer, Alexander Jan Hess, Kamila Ismailova, Gisbert Teepe, 

Lorainne Tudor Car, Falk Müller-Riemenschneider, and Tobias Kowatsch 
Abstract Background: Mobile health (mHealth) interventions can increase physical activity (PA); however, 

their long-term impact is not well understood. 
Objective: The primary aim of this study is to understand the immediate and long-term effects of 
mHealth interventions on PA. The secondary aim is to explore potential effect moderators. 
Methods: We performed this study according to the Cochrane and PRISMA (Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses) guidelines. We searched PubMed, the Cochrane 
Library, SCOPUS, and PsychINFO in July 2020. Eligible studies included randomized controlled 
trials of mHealth interventions targeting PA as a primary outcome in adults. Eligible outcome 
measures were walking, moderate-to-vigorous physical activity (MVPA), total physical activity 
(TPA), and energy expenditure. Where reported, we extracted data for 3 time points (ie, end of 
intervention, follow-up ≤6 months, and follow-up >6 months). To explore effect moderators, we 
performed subgroup analyses by population, intervention design, and control group type. Results 
were summarized using random effects meta-analysis. Risk of bias was assessed using the 
Cochrane Collaboration tool.  
Results: Of the 2828 identified studies, 117 were included. These studies reported on 21,118 
participants with a mean age of 52.03 years (SD 14.14), of whom 58.99% (12,459/21,118) were 
female. mHealth interventions significantly increased PA across all the 4 outcome measures at the 
end of intervention (walking standardized mean difference 0.46, 95% CI 0.36-0.55, P<.001; MVPA 
SMD 0.28, 95% CI 0.21-0.35, P<.001; TPA SMD 0.34, 95% CI 0.20-0.47, P<.001; energy 
expenditure SMD 0.44, 95% CI 0.13-0.75, P=.01). Only 33 studies reported short-term follow-up 
measurements, and 8 studies reported long-term follow-up measurements in addition to end-of-
intervention results. In the short term, effects were sustained for walking (SMD 0.26, 95% CI 0.09-
0.42; P=.002), MVPA (SMD 0.20, 95% CI 0.05-0.35; P=.008), and TPA (SMD 0.53, 95% CI 0.13-
0.93; P=.009). In the long term, effects were also sustained for walking (SMD 0.25, 95% CI 0.10-
0.39; P=.001) and MVPA (SMD 0.19, 95% CI 0.11-0.27; P<.001). We found study population to 
be an effect moderator, with higher effect scores in sick and at-risk populations. PA was increased 
both in scalable and nonscalable mHealth intervention designs and regardless of the control group 
type. The risk of bias was rated high in 80.3% (94/117) of the studies. Heterogeneity was 
significant, resulting in low to very low quality of evidence. 
Conclusions: mHealth interventions can foster small to moderate increases in PA. The effects are 
maintained long term; however, the effect size decreases over time. The results encourage using 
mHealth interventions in at-risk and sick populations and support the use of scalable mHealth 
intervention designs to affordably reach large populations. However, given the low evidence 
quality, further methodologically rigorous studies are warranted to evaluate the long-term effects. 

Keywords mHealth, physical activity, systematic review, meta-analysis, mobile phone 
Status Published  
Publication 
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Activity Interventions: Systematic Review and Meta-analysis of Randomized Controlled Trials. 
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Table 2: Overview of Article II 
Title Gamification 2.0: How Activity Tracking Apps Provide Long-Term Motivation 
Author Annette Mönninghoff 
Abstract One in four consumers is insufficiently physically active, resulting in substantial health risks. 

Conventional activity tracking apps motivate consumers but can promote motivational crowding 
out. Gamification can help overcome these challenges. This paper presents two case studies and 
introduces a new motivational framework for gamification.  

Keywords Gamification, mHealth, physical activity, crowding out, consumer motivation 
Status Published 
Publication 
Reference 

Mönninghoff, A. (2021). Gamification 2.0: How Activity Tracking Apps Provide Long-Term 
Motivation, Marketing Review St.Gallen, (4), 48-57. 
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Table 3: Overview of Article III 
Title The Effect of a Future-Self Avatar mHealth Intervention on Physical Activity and Food Purchases: 

The FutureMe Randomized Controlled Trial 
Authors Annette Mönninghoff, Klaus Fuchs, Jing Wu, Jan Albert, Simon Mayer 
Abstract Background: Insufficient physical activity and unhealthy diets are contributing to the rise in non-

communicable diseases. Preventative mobile health (mHealth) interventions may enable reversing 
this trend, but present bias might reduce their effectiveness. Future-self avatar interventions have 
resulted in behavior change in related fields, yet evidence whether such interventions can change 
health behavior is lacking.  
Objective: Our primary objectives are to investigate the impact of a future-self avatar mHealth 
intervention on physical activity and food purchasing behavior, and to examine the feasibility of a 
novel automated nutrition tracking system. We also aim to understand how this intervention 
impacts related attitudinal and motivational constructs. 
Methods: We conducted a 12-week parallel randomized-controlled trial (RCT), followed by semi-
structured interviews. German-speaking smartphone users aged ≥18 years living in Switzerland, 
and using at least one of the two leading Swiss grocery loyalty cards, were recruited for the trial. 
Data were collected from November 2020 to April 2021. The intervention group received the 
FutureMe intervention—a physical activity and food purchase tracking mobile phone application 
that uses a future-self avatar as the primary interface and provides participants with personalized 
food basket analysis and shopping tips. The control group received a conventional, text- and 
graphic-based primary interface intervention. We pioneered a novel system to track nutrition 
leveraging digital receipts from loyalty card data analyzing food purchases in a fully automated 
way. Data were consolidated in 4-week intervals and non-parametric tests were conducted to test 
for within- and between-group differences.  
Results: We recruited 167 participants; 95 eligible participants were randomized into either the 
intervention (n=42) or control group (n=53). The median age was 44.00 years (IQR 19.00), and the 
gender ratio was balanced (female 52/95, 55%). Attrition was unexpectedly high with only 30 
participants completing the intervention, negatively impacting the statistical power of our study. 
The FutureMe intervention led to directional, small increases in physical activity (median +242 
steps/day) and to directional improvements in the nutritional quality of food purchases (median –
1.28 British Food Standards Agency Nutrient Profiling System Dietary Index points) at the end of 
the intervention. Intrinsic motivation significantly increased (P=.03) in the FutureMe group, but 
decreased in the control group. Outcome expectancy directionally increased for the FutureMe 
group, but decreased for the control group. Leveraging loyalty card data to track the nutritional 
quality of food purchases was found to be a feasible and an accepted fully automated nutrition 
tracking system. 
Conclusions: Preventative future-self avatar mHealth interventions promise to encourage 
improvements in physical activity and food purchasing behavior in healthy population groups. A 
full-powered RCT is needed to confirm this preliminary evidence and to investigate how future-
self avatars might be modified to reduce attrition, overcome present bias, and promote sustainable 
behavior change. 

Keywords mHealth, preventative medicine, avatar, present bias, nutrition tracking, physical activity, 
randomized controlled trial 
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Table 4: Overview of Article IV 
Title The Future of Medicine. Accelerating Digitization in Healthcare: Why We Need It and Where We 

Struggle 
Authors Christoph Franz, Annette Mönninghoff 
Abstract The Covid-19 pandemic has put the spotlight on the lack of digital infrastructure in today’s 

healthcare systems and demonstrated why digitized healthcare is a competitive advantage. 
Keywords Digitization, digital health, Covid-19, health policy. 
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Abstract  

Background: Mobile health (mHealth) interventions can increase physical 
activity (PA); however, their long-term impact is not well understood. 

Objective: The primary aim of this study is to understand the immediate and 
long-term effects of mHealth interventions on PA. The secondary aim is to explore 
potential effect moderators. 

Methods: We performed this study according to the Cochrane and PRISMA 
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. We 
searched PubMed, the Cochrane Library, SCOPUS, and PsychINFO in July 2020. 
Eligible studies included randomized controlled trials of mHealth interventions 
targeting PA as a primary outcome in adults. Eligible outcome measures were walking, 
moderate-to-vigorous physical activity (MVPA), total physical activity (TPA), and 
energy expenditure. Where reported, we extracted data for 3 time points (ie, end of 
intervention, follow-up ≤6 months, and follow-up >6 months). To explore effect 
moderators, we performed subgroup analyses by population, intervention design, and 
control group type. Results were summarized using random effects meta-analysis. Risk 
of bias was assessed using the Cochrane Collaboration tool.  

Results: Of the 2828 identified studies, 117 were included. These studies 
reported on 21,118 participants with a mean age of 52.03 (SD 14.14) years, of whom 
58.99% (n=12,459) were female. mHealth interventions significantly increased PA 
across all the 4 outcome measures at the end of intervention (walking standardized mean 
difference [SMD] 0.46, 95% CI 0.36-0.55; P<.001; MVPA SMD 0.28, 95% CI 0.21-
0.35; P<.001; TPA SMD 0.34, 95% CI 0.20-0.47; P<.001; energy expenditure SMD 
0.44, 95% CI 0.13-0.75; P=.01). Only 33 studies reported short-term follow-up 
measurements, and 8 studies reported long-term follow-up measurements in addition to 
end-of-intervention results. In the short term, effects were sustained for walking (SMD 
0.26, 95% CI 0.09-0.42; P=.002), MVPA (SMD 0.20, 95% CI 0.05-0.35; P=.008), and 
TPA (SMD 0.53, 95% CI 0.13-0.93; P=.009). In the long term, effects were also 
sustained for walking (SMD 0.25, 95% CI 0.10-0.39; P=.001) and MVPA (SMD 0.19, 
95% CI 0.11-0.27; P<.001). We found the study population to be an effect moderator, 
with higher effect scores in sick and at-risk populations. PA was increased both in 
scalable and nonscalable mHealth intervention designs and regardless of the control 
group type. The risk of bias was rated high in 80.3% (94/117) of the studies. 
Heterogeneity was significant, resulting in low to very low quality of evidence. 
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Conclusions: mHealth interventions can foster small to moderate increases in 
PA. The effects are maintained long term; however, the effect size decreases over time. 
The results encourage using mHealth interventions in at-risk and sick populations and 
support the use of scalable mHealth intervention designs to affordably reach large 
populations. However, given the low evidence quality, further methodologically 
rigorous studies are warranted to evaluate the long-term effects. 
 
Keywords: mHealth; physical activity; systematic review; meta-analysis; mobile phone 
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Introduction 

Background 

In recent decades, populations have become increasingly sedentary. The World 
Health Organization (WHO) recommends 150 minutes of moderate-intensity physical 
activity (PA) or 75 minutes of vigorous-intensity PA per week for adults and 60 minutes 
of moderate-to-vigorous physical activity (MVPA) for adolescents per day [1]. An 
estimated 28% of adults worldwide do not meet these guidelines [2]. The prevalence of 
inactivity is high in Latin America and many high-income countries, with approximately 
every second adult inactive in Brazil or Saudi Arabia, and 40% of adults insufficiently 
active in the United States [2]. 

According to the WHO, physical inactivity is 1 of the 4 core modifiable risk 
factors for noncommunicable diseases (NCDs). As such, it is as important to be 
addressed as tobacco use or obesity and proven to increase the risk of cancer, 
cardiovascular diseases, diabetes, dementia, and depression [3-6]. 

In response to the high prevalence and substantial risk posed by physical 
inactivity, the WHO has formulated a target to reduce physical inactivity by 10% by 
2025 as part of its strategy against NCDs [7]. Scaling up PA interventions is key to 
achieving the WHO target. However, there are various barriers, including cost, resource 
restrictions, and poorly scalable intervention designs [8,9]. Owing to the increasing 
dissemination and ubiquity of mobile technology, mobile technology–based 
interventions, that is, mobile health (mHealth), have been discussed as a solution for 
overcoming scalability challenges [10,11]. There are only a few examples of nationwide 
mHealth programs such as the NHS Diabetes Prevention Program [12] in the United 
Kingdom, the 10,000 steps program in Australia [13], and the National Steps Challenge 
and Live Healthy SG in Singapore [14,15]. Most governments and health organizations 
are still hesitant about rolling out mHealth PA programs, as clear evidence for the 
effectiveness of mHealth interventions for sustainable behavior change is lacking 
[16,17]. 

Previous evidence for the effectiveness of mHealth interventions on PA is mixed 
(Appendix 1 [18-31]). Most existing meta-analyses found significant positive effects on 
PA in sick and at-risk populations, with effect sizes ranging from small to large [18-28]. 
However, some studies did not find significant effects or reported conflicting results 
[29-31]. There is limited evidence for the sustainability of increased PA levels beyond 
the end of intervention. Only 2 studies quantitatively analyzed long-term effects: one 
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review found that PA increases are maintained up to 3-4 years after the intervention [20] 
and the other did not find significant long-term results [31]. Kirk et al [25] and Romeo 
et al [30] found that shorter mHealth PA interventions (<16 weeks and <12 weeks, 
respectively) are more effective than longer ones, indicating that effects might not be 
maintained in the long term. 

We also lack clarity on how population types, intervention design, and control 
group type moderate the impact of mHealth interventions on PA. Only 3 studies 
performed subgroup analyses according to population type with mixed results. A total 
of 2 studies found interventions to be equally effective in sick and healthy populations 
[23,30], and 1 review found mHealth interventions to be more effective in sick 
populations; however, the results were not statistically significant [27]. Most studies 
focused exclusively on sick or at-risk populations [21,22,24-26,28,31], making it 
difficult to draw clear conclusions. 

The design of mHealth interventions influences the degree to which they are 
scalable. The promise of mHealth is that the technology itself (ie, without costly and 
limited human resources) promotes active lifestyles. However, these highly scalable 
interventions miss the element of human-to-human interaction, which is a potentially 
important active ingredient in behavior change interventions. Current evidence draws 
an inconclusive picture: existing studies have found no effects on PA when interventions 
are scalable [24,30] (ie, mHealth interventions without human-to-human interactions), 
stronger effects when interventions are nonscalable (ie, mHealth interventions with 
human-to-human interactions) [27,32], stronger effects in scalable interventions [20], or 
no moderating effects [22]. Thus, we need a comprehensive evaluation of scalable 
versus nonscalable designs to judge the potential of mHealth technologies in reaching 
large populations at low costs. 

Furthermore, our current understanding of the effects of mHealth PA 
interventions is limited by the inclusion of different control groups in previous studies. 
Most previous studies included both minimal or no intervention control groups and 
control groups receiving an alternative intervention [18-20,22-29,31]. This makes it 
impossible to distinguish between the absolute effect of mHealth PA interventions on 
behavior and the degree to which mHealth interventions are superior to alternative 
nonmobile designs or the standard of care. 
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Objectives 

Accordingly, we sought to comprehensively collate and analyze trials evaluating 
mHealth interventions that promote PA in adult populations. Our primary aim is to 
understand the long-term impact of these interventions on PA. Our secondary aim is to 
explore potential effect moderators (population type, intervention design, and control 
group type), to understand which populations can benefit from mHealth interventions, 
to understand if scalable mHealth intervention designs are effective, and to understand 
if mHealth interventions produce superior results to nonmobile interventions. 

Methods 

Overview 

This study was performed according to the Cochrane methodology, and the 
results were reported following the PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) guidelines. We searched PubMed, the Cochrane Library, 
SCOPUS, and PsychINFO for randomized controlled trials (RCTs) on mHealth 
interventions targeting PA increases (all search strategies are given in Appendices 2 and 
3) published from database inception to July 3, 2020. We also searched the reference 
lists of the relevant existing systematic reviews for eligible studies. This study was 
registered with PROSPERO (CRD 42019124716). 

Eligibility Criteria 

Studies were eligible if they assessed the impact of mHealth interventions on PA 
as a primary study outcome in individuals aged 18 years or more and were published in 
English. Eligible study designs were RCTs or cluster RCTs. Eligible comparators 
comprised no or minimal interventions and alternative interventions that did not include 
mobile technologies. 

Types of Interventions 

mHealth interventions were defined as programs that fully or partly deliver 
interventions using mobile technology such as pedometers or accelerometers with 
displays, activity trackers, smartphones, or tablets. We excluded interventions where the 
use of a mobile device was unclear (eg, telephone or website interventions) or where 
increasing PA was not the primary outcome. This was to ensure that interventions 
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genuinely aimed to increase PA and to avoid including studies measuring PA only as a 
supplemental outcome. 

Types of Outcomes 

Eligible outcome measures were walking, MVPA, total physical activity (TPA), 
and energy expenditure (EE), as these outcomes are most commonly reported. Multiple 
outcome units were eligible per outcome measure (eg, walking in minutes and walking 
in steps). Studies reporting objectively measured or self-reported outcome data were 
eligible.  

Data Collection Process 

Abstracts of all identified papers were exported and uploaded into Covidence 
Systematic Review software (Veritas Health Innovation Ltd, version accessed July 
2020) for screening. Two reviewers independently screened the abstracts for eligibility 
(AM, JNK, or KI). If reviewers doubted whether an article was potentially relevant, it 
was included for full inspection. Next, full texts of potentially eligible papers were 
uploaded into Covidence and screened by 2 independent reviewers (AM, JNK, or KI). 
Conflicts were resolved by discussion or where required by a third reviewer. We 
contacted authors of potentially relevant articles for further information when needed. 
All reviewers were trained during a full-day workshop on eligibility criteria and 
software before screening. 

Data Extraction and Management 

Data for each study were extracted independently by 2 reviewers (AM, JNK, KI, 
AJH, or GWT) using standardized extraction forms. Conflicts were resolved by 
discussion between 2 primary reviewers or with a third, independent reviewer. All 
reviewers were trained to use the extraction form and Cochrane risk of bias criteria 
during a full-day workshop. Where reported, data were extracted for all 4 eligible 
outcome measures (walking, MVPA, TPA, and EE) and time points (end of intervention, 
short-term follow-up [≤6 months after the end of intervention], and long-term follow-
up [>6 months after the end of intervention]). If studies reported both objectively 
measured and self-reported outcome data, the former were used for meta-analysis. If 
studies only reported self-reported outcome data, these were extracted, and the quality 
of evidence was rated as high risk of detection bias. Data were extracted as means and 
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SDs per outcome measure and time point. If SDs were not reported, they were calculated 
using the RevMan calculator and following the Cochrane Handbook [33]. Respective 
authors were contacted for any missing data. 

Assessment of Risk of Bias in Included Studies 

Two reviewers (AM, JNK, KI, AJH, or GWT) independently assessed the risk of 
bias for each study using the Cochrane Collaboration tool [34]. Additional criteria for 
cluster RCTs were assessed [35] and documented within the other bias domains of the 
Cochrane Collaboration tool. Discrepancies were resolved by consensus between 
reviewers or where needed by a third reviewer. We classified studies as overall high risk 
of bias if they scored high in any bias domain other than performance bias, as blinding 
of participants and personnel is almost impossible in mHealth intervention studies [23]. 
Blinding of outcome assessors was rated as high risk if outcomes were self-reported. 

Statistical Methods 

We summarized the intervention and sample characteristics of all the included 
studies. We quantitatively analyzed the data using RevMan software (Cochrane, version 
5.4) and a DerSimonian and Laird random effects model for our meta-analysis [36]. We 
reported all 4 outcome measures using standardized mean differences (SMDs) and 95% 
CI. Where appropriate (eg, if one mHealth intervention was compared with a minimal 
and alternative nonmobile intervention), we combined means and SDs of control or 
intervention groups following the Cochrane Handbook [33].  

We classified populations into 3 groups based on the reported recruitment 
criteria: sick, at-risk, and healthy. The sick group included populations experiencing 
illnesses such as diabetes, cancer, chronic obstructive pulmonary disease, and coronary 
heart disease. The at-risk group included inactive or sedentary, older, overweight, and 
obese populations.  

We classified mHealth interventions into 2 designs: scalable and nonscalable. 
Scalability is defined as the ability to scale up an intervention without requiring human 
resources. Consequently, scalable mHealth interventions were defined as interventions 
that only leveraged automated components without any human-to-human interactions. 
Nonscalable mHealth interventions included human-to-human interactions, such as 
coaching, in-person feedback, or group activity sessions. We classified control groups 
into no or minimal interventions (no intervention or information material only) and 
alternative (nonmobile) interventions. 
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Following the recommendations of Richardson et al [37] and the Cochrane 
Handbook [33], a subgroup analysis was performed based on end-of-intervention values 
for all outcomes where at least 10 studies were available. We a priori defined 3 subgroup 
analyses following the population, intervention, comparison, and outcome framework 
[33] to identify possible effect moderators. Our aim is to understand the impact of 
population type (sick, at-risk, and healthy), intervention design (scalable and 
nonscalable), and control group type (no or minimal and alternative). 

We present the primary results using forest plots for each outcome and time point. 
Subgroup analyses were displayed in forest plots using end-of-intervention data. We 
quantified inconsistencies between studies using the I2 statistics (ie, the varying effect 
estimates towing to heterogeneity rather than chance) [33]. We classified I2>50% as 
having substantial heterogeneity [38]. We examined the significance of heterogeneity 
using chi-square tests (P≤.05). We assessed subgroup differences following the 
guidelines given by Richardson et al [37], which recommend testing for significant 
subgroup differences (P≤.10) and covariate distribution and comparing heterogeneity 
and effect sizes between subgroups. Funnel plot analysis was used to detect sampling 
bias. We used end-of-intervention effect values in our funnel plot analyses, as all studies 
reported this time point. 

We conducted 3 sensitivity analyses to evaluate the robustness of our primary 
results: first, we excluded outlier studies; second, we excluded studies with high risk of 
bias; and third, we excluded studies not reporting long-term follow-up measurements to 
keep the study sample consistent across all time points. We used the grading of 
recommendations, assessment, development, and evaluation (GRADE) framework to 
assess the quality of evidence at the outcome measure level for the end-of-intervention 
time point and to report the standardized quality of evidence profiles, following the 
study by Guyatt et al [39]. 

Results 

Overview 

Of the 2828 identified studies, 512 full-text articles were screened, and 117 
studies were included in the meta-analysis (Figure 1). 
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Figure 1: PRISMA Chart 

 

Study Characteristics 

Appendix 4 [40-156] contains the included studies and their characteristics. The 
117 trials represented 21,188 participants with a mean age of 52.03 years (SD 14.14), of 
whom 58.99% (12,459/21,118) were female. Most studies were conducted in high-
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income, developed regions such as North America (43/117, 36.8%), Europe (39/117, 
33.3%), and Australia and New Zealand (24/117, 20.5%). Very few studies were 
conducted in Asia (7/117, 6.0%), Latin America (3/117, 2.6%), or Africa (1/117, 0.9%), 
limiting the representativeness of the evidence for low-income countries. Sample sizes 
ranged widely (from 15 to 1442), and the intervention duration ranged from 1 week to 
2 years. All but one study [40] reported end-of-intervention results, 33 studies reported 
short-term follow-up results [40-72], and only 8 studies reported long-term follow-up 
results [61,72-78]. The mean time point for the short-term follow-up was 4.14 months 
(SD 2.08) after the end of intervention. The long-term follow-up measurement was taken 
on average after 13.96 months (SD 11.91). 

Walking was the most reported outcome measure (77/117, 65.8%) 
[41,43,44,48,50-54,58-60,63-65,67-69,72-130], followed by MVPA (62/117, 53.0%) 
[42,44,46,47,49,51-55,57,59,61-64,68,70-76,78-80,82,84-87,89-
91,94,98,104,107,109,112,114,117,125,126,131-147], TPA (33/117, 28.2%) 
[44,45,50,52,54,56,64,66,72,74,76-78,84,85,89,96,110-112,114,118,131,135,146,148-
154,157], and EE (5/117, 4.3%) [61,103,137,155,156]. Most RCTs were conducted in 
at-risk (48/117, 41.0%) or sick populations (46/117, 39.3%).  

Only 19.7% (23/117) of the studies tested mHealth interventions in healthy 
populations within a preventative setting. In most interventions, mHealth technologies 
were leveraged in nonscalable intervention designs (71/117, 60.7%). Human-to-human 
interactions included individual coaching, group coaching, PA classes, and physical 
education classes.  

Of the 117 interventions, 45 (38.5%) used mHealth technologies without any 
human-to-human interactions and were thus classified as scalable. In 1 study [75], 2 
mHealth interventions (scalable and nonscalable) were combined. Most mHealth 
interventions only leveraged basic technologies such as pedometers or accelerometers 
(86/117, 73.5%), text messages (20/117, 17.1%), or websites (20/117, 17.1%). Although 
some recent studies pioneered innovative mHealth technologies [49,96], overall, only a 
few studies used advanced mHealth technologies such as automated individualized 
feedback (19/117, 16.2%), mobile phone apps (15/117, 12.8%), social comparison 
(10/117, 8.5%), and automated coaching or virtual advisors (5/117, 4.3%). 

 Most studies had no or minimal intervention control groups (83/117, 70.9%). 
Only a few trials had alternative intervention control groups (22/117, 18.8%). Different 
control group types were combined into one control group in 12 cases.  
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Meta-analysis of mHealth Interventions on PA 

Overall, mHealth interventions significantly increased PA across all 4 outcome 
measures at the end of intervention: walking SMD 0.46 (95% CI 0.36-0.55; P<.001; 
I2=83%, P<.001); MVPA SMD 0.28 (95% CI 0.21-0.35; P<.001; I2=62%, P<.001); 
TPA SMD 0.34 (95% CI 0.20-0.47; P<.001; I2=77%, P<.001); and EE SMD 0.44 (95% 
CI 0.13-0.75; P=.005; I2=60%, P=.04; Figures 2-9). Short-term effects were sustained 
(≤6 months after the end of intervention) for 3 of 4 outcome measures: walking SMD 
0.26 (95% CI 0.09-0.42; P=.002; I2=73%, P<.001); MVPA SMD 0.20 (95% CI 0.05-
0.35; P=.008; I2=72%, P<.001); and TPA SMD 0.53 (95% CI 0.13-0.93; P=.009; 
I2=87%, P<.001). Only one study [61] reported short-term follow-up measurements for 
EE, and the results were not statistically significant.  

In addition, long-term (>6 months after the end of intervention) effects were 
sustained for 2 of 4 outcome measures: walking SMD 0.25 (95% CI 0.10-0.39; P=.001; 
I2=68%, P=.004) and MVPA SMD 0.19 (95% CI 0.11-0.27; P<.001; I2=0%, P=.44). 
TPA results were sustained, but the effects were just below the significance threshold 
(SMD 0.19, 95% CI 0.00-0.38; P=.05; I2=72%, P=.003). Again, only one study [61] 
reported long-term follow-up effects for EE, which were not statistically significant. 
Effect sizes decreased over time, from almost moderate at the end of intervention to 
small during the long-term follow-up measurement. We found substantial and 
significant heterogeneity across all outcomes and most time points, with I2 ranging from 
60% to 83% for end-of-intervention measurements (Figures 2-9). 
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Figure 2: Primary Outcome Analysis for The Outcome Walking at Timepoint End of 
Intervention 
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Figure 3: Primary Outcome Analysis for The Outcome Walking at Timepoint Short-
term Follow-up 

 
 
Figure 4: Primary Outcome Analysis for The Outcome Walking at Timepoint Long-
term Follow-up 
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Figure 5: Primary Outcome Analysis for The Outcome Moderate-to-vigorous Physical 
Activity at Timepoint End of Intervention 
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Figure 6: Primary Outcome Analysis for The Outcome Moderate-to-vigorous Physical 
Activity at Timepoint Short-term Follow-up 

 
 
Figure 7: Primary Outcome Analysis for The Outcome Moderate-to-vigorous Physical 
Activity at Timepoint Long-term Follow-up 
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Figure 8: Primary Outcome Analysis by Measurement Timepoint for The Outcome 
Total Physical Activity 
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Figure 9: Primary Outcome Analysis by Measurement Timepoint for The Outcome 
Energy Expenditure 

 

Publication Bias Assessment 

Publication bias was assessed using funnel plot analysis for end-of-intervention 
measurements, as all but one study [40] reported this time point (Appendix 5 
[54,82,102]). No systematic publication bias was observed. However, the funnel plot 
analysis revealed 3 outlier studies [54,82,102]. We identified unusually high adherence 
rates [54], possibly because the research team and the study participants were based on 
the same campus, and a short intervention duration (only 4 weeks) [82,102] as potential 
reasons for the high effect scores in the outlier studies. We conducted a sensitivity 
analysis and excluded these studies across all outcome measures. All effects were found 
to be stable, and heterogeneity was substantially reduced (Appendix 6).  

Sensitivity Analyses 

Sensitivity analysis by risk of bias was conducted for all outcome measures but 
for EE, as only one study [155] measuring EE classified as low risk of bias. Results at 
the end of intervention were found to be robust across outcome measures (Appendix 6), 
with effect sizes substantially increasing for walking, MVPA, and TPA to moderate 
effect sizes. Short- and long-term follow-up effects were not statistically significant 
when only studies with low risk of bias were included. Heterogeneity increased and 
remained substantial. Sensitivity analysis of studies reporting long-term follow-up 
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measurements was conducted for all outcome measures but for EE, as only one study 
[61] measuring EE reported a long-term follow-up measurement. The results across all 
time points were robust for all outcome measures.  

Subgroup Analysis by Population Type 

We used subgroup analysis to evaluate the effect moderators. Table 1 summarizes 
all results, and Appendices 7 [41-154], 8 [41-154], and 9 [41-154] provide detailed 
forest plots for each analysis. We found that population type moderates the effect of 
mHealth interventions on PA. The intervention design and control group type were not 
found to be significant effect moderators. Subgroup analysis by population type revealed 
statistically significant (P≤.10) quantitative subgroup effects for all outcome measures.  

The treatment effect at the end of intervention was greater in sick populations 
(walking SMD 0.44, 95% CI 0.29-0.60, P<.001, I2=71%, P<.001; MVPA SMD 0.33, 
95% CI 0.21-0.45, P<.001, I2=55%, P<.001; TPA SMD 0.59, 95% CI 0.36-0.81, 
P<.001, I2=49%, P=.03; Appendix 7) than in healthy populations (walking SMD 0.20, 
95% CI 0.04-0.35, P=.01, I2=78%, P<.001; MVPA SMD 0.14, 95% CI 0.06-0.23, 
P=.001, I2=15%, P=.29; TPA SMD 0.29, 95% CI −0.10 to 0.67, P=.14, I2=85%, P<.001; 
Appendix 7). Within the healthy subgroup, summary effects were only statistically 
significant for the outcome measures walking and MVPA. The results for at-risk 
populations were mixed. The outcome measures walking and MVPA exhibited high 
effect scores, similar to the high effect scores of sick populations (walking SMD 0.59, 
95% CI 0.42-0.76, P<.001, I2=87%, P<.001; MVPA SMD 0.30, 95% CI 0.18-0.43, 
P<.001, I2=72%, P<.001; Multimedia Appendix 7), whereas effect scores for at-risk 
populations were lower for TPA (SMD 0.21, 95% CI 0.04-0.38; P=.02; I2=78%, 
P<.001).  

Although heterogeneity was somewhat reduced within most subgroups compared 
with the overall outcome heterogeneity, it remained high and significant. The covariate 
distribution between sick, at-risk, and healthy population subgroups was uneven, as 
fewer studies investigated preventative mHealth PA interventions in healthy 
populations. 
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Table 1: Summary of Subgroup Analyses Results 
  Test for 

subgroup 
differences 

          Heterogeneity 

Analysis by P-value Outcome 
Measure 

Timepoint No. of 
studies 

SMD 95% CI P-value l2 P-value 

Population 
Type 

.003 Walking Healthy 14 0.20 [0.04, 0.35] .01 78% .001 
 At-risk 30 0.59 [0.42, 0.76] <.001 87% <.001 
 Sick 33 0.44 [0.29, 0.60] <.001 71% <.001 
.02 MVPA Healthy 12 0.14 [0.06, 0.23] .001 15% .29 
 At-risk 25 0.30 [0.18, 0.43] <.001 72% <.001 
 Sick 25 0.33 [0.21, 0.45] <.001 55% <.001 
.03 TPA Healthy 6 0.29 [-0.10, 0.67] .14 85% <.001 
 At-risk 16 0.21 [0.04, 0.38] .02 78% <.001 
 Sick 11 0.59 [0.36, 0.81] <.001 49% .03 

Intervention 
Design 

.35 Walking Scalable 31 0.54 [0.34, 0.74] <.001 89% <.001 
 Non-scalable 45 0.42 [0.31, 0.54] <.001 77% <.001 
 Combined 1 0.37 [0.25, 0.48] <.001 n/ab n/ab 
.12 MVPA Scalable 23 0.20 [0.08, 0.32] .001 67% <.001 
 Non-scalable 38 0.33 [0.24, 0.43] <.001 57% <.001 
 Combined 1 0.37 [0.25, 0.48] <.001 n/ab n/ab 
.60 TPA Scalable 12 0.39 [0.06, 0.73] .02 89% <.001 
 Non-scalable 21 0.30 [0.18, 0.42] <.001 53% .002 
 Combineda - - - - - 

Control 
Group Type 

.15 Walking No/minimal intervention 62 0.47 [0.36, 0.59] <.001 85% <.001 
 Alternative intervention 10 0.48 [0.12, 0.83] .009 80% <.001 
 Combined 5 0.23 [0.01, 0.45] .04 62% .03 
.26 MVPA No/minimal intervention 43 0.29 [0.21, 0.38] <.001 67% <.001 
 Alternative intervention 9 0.39 [0.14, 0.65] .002 62% .007 
 Combined 10 0.20 [0.08, 0.32] <.001 34% .13 
.006 TPA No/minimal intervention 24 0.34 [0.19, 0.50] <.001 76% <.001 
 Alternative intervention 6 0.48 [0.06, 0.91] .03 83% <.001 
 Combined 3 0.00 [-0.17, 0.17] .97 0% .59 

aNo studies with combined subgroups, thus no numbers reported. b In subgroups where n=1, heterogeneity cannot be calculated.  

Subgroup Analysis by Intervention Design 

Subgroup analysis by intervention design revealed no significant subgroup 
differences across 3 outcome measures (walking, P=.35; MVPA, P=.12; TPA, P=.60; 
Table 1; Appendix 8) and did not identify mHealth intervention design as a significant 
effect moderator. Heterogeneity within subgroups was substantial and significant across 
all outcome measures (Table 1). Both scalable and nonscalable mHealth intervention 
designs significantly increased PA at similar levels (scalable walking SMD 0.54, 95% 
CI 0.34-0.74, P<.001, I2=89%, P<.001; scalable MVPA SMD 0.20, 95% CI 0.08-0.32, 
P=.001, I2=67%, P<.001; scalable TPA SMD 0.39, 95% CI 0.06-0.73, P=.02, I2=89%, 
P<.001; nonscalable walking SMD 0.42, 95% CI 0.31-0.54, P<.001, I2=77%, P<.001; 
nonscalable MVPA SMD 0.33, 95% CI 0.24-0.43, P<.001, I2=57%, P<.001; 
nonscalable TPA SMD 0.30, 95% CI 0.18-0.42, P<.001, I2=53%, P=.002; Appendix 8). 
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Subgroup Analysis by Control Group Type 

Subgroup analysis by control group type found no statistically significant 
subgroup effect for the outcome measures walking (P=.15) and MVPA (P=.26). 
Subgroup differences were only significant for TPA (P=.006), where mHealth 
interventions led to larger effects in studies compared with alternative control groups 
(SMD 0.48, 95% CI 0.06-0.91; P=.03; I2=83%, P<.001; Appendix 9) than in studies 
with no or minimal control groups (SMD 0.34, 95% CI 0.19-0.50; P<.001; I2=76%, 
P<.001; Appendix 9). Subgroup analysis did not significantly reduce heterogeneity, and 
the covariate distribution between the no or minimal intervention subgroup and the 
alternative intervention subgroup was extremely uneven). 

Risk of Bias in Included Studies 

Figure 10 shows the overall risk of bias assessment across all included studies. 
Overall, 94 studies were classified as high risk because of selection bias (14/117, 
11.9%), detection bias (37/117, 31.6%), attrition bias (42/117, 35.9%), reporting bias 
(13/117, 11.1%), and other biases (56/117, 47.9%). These mostly included baseline 
group indifferences or biases resulting from the respective study design (including 
potential cluster RCT biases) [35]. Appendix 10 [40-151,153-157] displays the 
individual risk of bias assessment by study. GRADE analysis of all 4 outcomes 
(Appendix 11) revealed no evidence of publication bias but evidence of inconsistency 
for the outcome measure EE. Thus, the overall quality of evidence rating ranged from 
low (walking, MPVA, and TPA) to very low (EE). 
 
Figure 10: Summary of The Overall Risk of Bias Assessment for Included Studies 

 



Article I 

41 

 

Discussion 

Principal Findings 

This systematic review is the most comprehensive study to date of mHealth PA 
interventions in adult populations. The aims of this study are to understand the long-
term impacts of mHealth interventions on PA and to identify important effect 
moderators. 

Overall, our analysis confirms the potential of mHealth interventions to increase 
PA at the end of intervention. We found small to moderate positive effects (SMD 0.28-
0.46), which concur with previous research that reported small to large effect sizes 
[19,21-24,27,28]. Transforming our results into mean differences based on a 
representative low risk of bias study [109], we found mHealth interventions to result in 
1566 incremental steps per day and an additional 36 minutes of MVPA per week. 
Previous research found that 1000 incremental steps per day can result in a 10% lower 
risk of having metabolic syndrome (MetS) and a 6% risk reduction of all-cause 
mortality, substantiating that mHealth interventions can result in significant health 
benefits [158,159].  

This study is among the first to find that activity increases are sustained beyond 
the end of intervention. Increased PA levels remained significant in short-term follow-
ups taken on average 4.14 months after the end of intervention for the outcome measures 
walking, MVPA, and TPA. Long-term follow-up measurements, taken on average after 
13.96 months, confirmed these results. However, effect sizes decreased over time and 
ranged from 0.19 to 0.25 at the long-term follow-up time point, which is equivalent to 
an incremental 851 steps per day and 24 minutes per week of MVPA. Our results concur 
with the recent review by Chaudhry et al [20], who also found maintained but decreasing 
effects of step-count monitoring interventions on PA; however, as Chaudhry et al [20] 
defined time frames from the start of intervention and this study looks at follow-up 
measurements after the end of intervention, absolute effect scores cannot be compared.  

Given the inverse relationship of PA with the prevalence of MetS [158], it can be 
assumed that mHealth interventions still yield health benefits in the long term. These 
observations are encouraging and provide initial evidence that mHealth interventions 
can support sustainable behavioral changes. However, our follow-up effects were not 
robust when only low risk of bias studies were analyzed because of the limited number 
of high-quality studies with longitudinal designs. Thus, as the current evidence base for 
studies with long-term follow-up measurements is very limited, further primary research 
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is needed to confirm the sustained effects of mHealth on PA beyond the end of 
intervention. 

Our analysis of effect moderators found that population type moderates the effect 
of mHealth on PA, whereas intervention design and control group type were not found 
to be effect moderators. Our evidence suggests that mHealth interventions might be most 
effective when targeting sick or at-risk populations, thereby supporting the indicative 
results by Smith et al [27]—effect sizes in sick and at-risk populations were about twice 
as high as in healthy populations. However, we still found mHealth interventions to be 
effective in all population types. These results challenge previous findings by Gal et al 
[23] and Romeo et al [30], who found no differences in effectiveness by population type, 
likely owing to the small number of studies reviewed. Previous studies found that 
baseline activity levels are negatively correlated with activity increases in mHealth 
interventions [144,160,161].  

An underlying driver for the higher effectiveness of mHealth interventions in sick 
and at-risk populations could thus be lower baseline activity levels usually seen within 
these populations. However, there could also be further underlying factors, such as 
higher expectations that increases in PA lead to improved health outcomes (outcome 
expectancy). Further research is thus needed to understand the variety of underlying 
factors driving higher effectiveness in sick and at-risk populations. Our results provide 
helpful guidance to policy makers developing scaled-up mHealth intervention programs. 
Our results suggest that technology-enabled preventative, population-wide programs 
(eg, The National Steps Challenge [14]) might maximize their public health impact if 
they specifically target at-risk populations (eg, older or overweight groups). Focusing 
on at-risk groups should also increase the cost-effectiveness of large-scale mHealth 
programs. 

mHealth technologies are cost-effective and scalable. However, this holds true 
only if technologies are effective without additional nonscalable intervention 
components (eg, face-to-face coaching). Previous research has found no effects in 
scalable mHealth intervention designs [24,30], stronger effects in nonscalable designs 
that combined technology with human-to-human interactions [27,32], and stronger 
effects when technology was used stand-alone [20]. We found preliminary evidence that 
mHealth interventions could be effective in scalable intervention designs. Our analysis 
found no significant subgroup differences between scalable and nonscalable 
intervention designs, suggesting that both designs can be equally effective in increasing 
PA. These results are promising and encourage the development of scalable mHealth 
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intervention designs to efficiently increase PA in large population groups. Within our 
sample, most scalable mHealth interventions leveraged basic technologies (eg, texting, 
pedometers, or accelerometers), without taking advantage of more advanced mobile 
technologies (eg, automated individualized coaching, social comparison, and mobile 
apps), which could have further increased intervention effectiveness [162,163]. 

Our analysis is among the first to explore whether mHealth PA interventions 
produce results superior to alternative nonmobile interventions. We found that across 
the outcome measures walking, MPVA, and TPA, mHealth interventions led to 
increased levels of PA compared with alternative nonmobile interventions and no or 
minimal control groups, which accords with previous findings [21]. These results 
encourage the addition of mHealth technology to nonmobile PA interventions to 
increase their effectiveness.  

Strengths and Limitations 

The strengths of this study are the large number of mHealth interventions 
analyzed and its rigorous methodology. However, this study has several limitations. 
First, in line with other studies [164], we encountered large and significant heterogeneity 
in our results, despite performing several subgroup analyses. Our wide inclusion criteria 
led us to expect high heterogeneity because of the diverse multicomponent 
interventions, settings, and intervention durations. In addition, the uneven covariate 
distribution between subgroups limits the validity of our findings on effect moderators. 

 Second, most of the included studies were classified as having a high risk of bias, 
and the overall quality of evidence was graded low to very low. The quality of evidence 
could be improved if future research agreed on standardized reporting of PA outcomes 
(eg, MVPA in minutes per day) and objective outcome measurement [21]. When 
replicating our primary results with low risk of bias studies, we could not confirm the 
effectiveness of mHealth interventions to increase PA beyond the end of interventions, 
as the available high-quality evidence was limited.  

Third, we did not attempt to identify unpublished reports or gray literature. 
Previous research has shown that excluding gray literature might exaggerate the results 
of a meta-analysis [165]. We tried to mitigate this limitation by conducting a funnel plot 
analysis to detect potential publication bias. Furthermore, we performed sensitivity 
analyses to assess the robustness of our results. We detected no systematic publication 
bias and sensitivity analyses that excluded outlier studies, confirming that our results 
were robust.  
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Fourth, some studies included in this study allowed intervention participants to 
keep mHealth devices after the end of intervention. This might have positively skewed 
the follow-up effects of our review. Finally, although this study provides initial evidence 
on the long-term effects of mHealth interventions, it only presents results for follow-up 
measurements taken on average 13.96 months after intervention, and our analysis 
included only 8 studies. We found that summary effects decrease over time, thus raising 
the question about the sustainability of positive effects. Further research is required to 
evaluate whether behavior change—toward a more active lifestyle—is truly sustainable 
in long term. 

Conclusions 

We conclude that mHealth interventions can moderately increase PA in adults at 
the end of intervention, both compared with alternative nonmobile control groups and 
no or minimal control groups. PA increases are maintained in follow-up measurements 
taken after intervention but decrease over time. Population type seems to moderate the 
effect of mHealth intervention on PA, with higher effectiveness in sick and at-risk 
populations compared with healthy population samples. mHealth interventions with 
scalable and nonscalable intervention designs seem to be equivalent in terms of 
effectiveness. Further high-quality studies investigating scalable mHealth interventions 
with long-term follow-up measurements are needed to confirm our results. This study 
concludes that mHealth technologies might not only support sustainable behavior 
change toward more active lifestyles but also contribute to preventing and controlling 
chronic disease risk. 
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Appendix 1: Overview of Existing Meta-analyses on The Effect of Mobile Health 
Intervention on Physical Activity. 
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Appendix 2: Overview of The Search Strategy and Keywords 

Outcomes Interventions Exclusion 
physical activity, walking, steps, 
moderate to vigorous physical 
activity, moderate-to-vigorous 
physical activity, exercise, leisure 
time activity, leisure-time activity, 
fitness, running, sitting, sedentary, 
sedentary behavior, sedentary 
behaviour, inactive, inactivity, 
active lifestyle, sedentary lifestyle, 
training, sport*, cycling, bicycle, 
aerobic*, aerobic exercise, aerobic 
physical activity 

smartphone application, smartphone app, mobile app, mobile 
application, app, mobile phone, smartphone*, mobile device, 
PDA, tablet, cell phone, text message*, sms, short message 
service, mobile health, mHealth, m-health, internet, telehealth, 
telemedicine, eHealth, e-health iPod, Fitbit, Garmin, Jawbone, 
Nike, Withings, ambulatory monitoring, ambulatory 
assessment, wireless technology, accelerometer, pedometer, 
wearable*, wearable activity tracker, intervention, program*, 
support, education, therapy 

child*, 
adolescent*, 
protocol 
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Appendix 3: Search Algorithms 

PubMed search strategy 

((physical activity [Title/Abstract]) OR (steps[Title/Abstract]) OR (exercise[Title/Abstract]) OR (fitness[Title/Abstract]) OR 
(running[Title/Abstract]) OR (sitting[Title/Abstract]) OR (sedentary*[Title/Abstract]) OR (inactive[Title/Abstract]) OR 
(inactivity[Title/Abstract]) OR (active lifestyle[Title/Abstract]) OR (training[Title/Abstract])) AND ((mobile 
application[Title/Abstract]) OR (app[Title/Abstract]) OR (mobile phone[Title/Abstract]) OR (smartphone[Title/Abstract]) OR 
(mobile device[Title/Abstract]) OR PDA[Title/Abstract]) OR (tablet[Title/Abstract]) OR (cell phone[Title/Abstract]) OR (text 
messag*[Title/Abstract]) OR sms[Title/Abstract]) OR (short message service[Title/Abstract]) OR (mobile 
health[Title/Abstract]) OR (mHealth[Title/Abstract]) OR (internet[Title/Abstract]) OR (telehealth[Title/Abstract]) OR 
(telemedicine[Title/Abstract]) OR (eHealth[Title/Abstract]) OR (iPod[Title/Abstract]) OR (Fitbit[Title/Abstract]) OR 
(accelerometer[Title/Abstract]) OR (pedometer[Title/Abstract]) OR (wearable*[Title/Abstract])) AND 
((intervention[Title/Abstract]) OR (program*[Title/Abstract]) OR (support[Title/Abstract]) OR (education[Title/Abstract]) OR 
(therapy[Title/Abstract])) NOT ((child*[Title]) OR (adolescent*[Title]) OR (protocol[Title])) 

Limitations applied: Clinical Trial, Randomized Controlled Trial, Humans  

 
Cochrane search strategy 

(physical activity or steps or exercise or fitness or running or sitting or sedentary* or inactive or inactivity or active lifestyle or 
training):ti AND (physical activity or steps or exercise or fitness or running or sitting or sedentary* or inactive or inactivity or 
active lifestyle or training):ab AND (mobile application or app or mobile phone or smartphone or mobile device or PDA or 
tablet or cell phone or text messag* or sms or short message service or mobile health or mHealth or internet or telehealth or 
telemedicine or eHealth or iPod or Fitbit or accelerometer or pedometer or wearable*):ti AND (mobile application or app or 
mobile phone or smartphone or mobile device or PDA or tablet or cell phone or text messag* or sms or short message service 
or mobile health or mHealth or internet or telehealth or telemedicine or eHealth or iPod or Fitbit or accelerometer or pedometer 
or wearable*):ab AND (Intervention or program* or support or education or therapy):ti AND (Intervention or program* or 
support or education or therapy):ab NOT (child* or adolescent* or protocol):ti 

 
Limitations applied: EMBASE database  

 
PsychInfo search strategy 

TI ( physical activity or steps or exercise or fitness or running or sitting or sedentary* or inactive or inactivity or active lifestyle 
or training ) AND AB ( physical activity or steps or exercise or fitness or running or sitting or sedentary* or inactive or inactivity 
or active lifestyle or training ) AND TI ( mobile application or app or mobile phone or smartphone or mobile device or PDA 
or tablet or cell phone or text messag* or sms or short message service or mobile health or mHealth or internet or telehealth or 
telemedicine or eHealth or iPod or Fitbit or accelerometer or pedometer or wearable* ) AND AB ( mobile application or app 
or mobile phone or smartphone or mobile device or PDA or tablet or cell phone or text messag* or sms or short message service 
or mobile health or mHealth or internet or telehealth or telemedicine or eHealth or iPod or Fitbit or accelerometer or pedometer 
or wearable* ) AND TI ( Intervention or program* or support or education or therapy ) AND AB ( Intervention or program* 
or support or education or therapy ) NOT TI ( child* or adolescent* or protocol )  

Limitations applied: no limits  

 
Scopus search strategy  

( ( TITLE ( "physical activity" OR steps OR exercise OR fitness OR running OR sitting OR sedentary* OR inactivity OR 
inactive OR "active lifestyle" OR training ) ) ) AND ( ( TITLE ( "mobile application" OR app OR "mobile phone" OR 
smartphone OR "mobile device" OR pda OR tablet OR "cell phone" OR "text messag*" OR sms OR "short message service" 
OR "mobile health" OR mhealth OR internet OR telehealth OR telemedicine OR ehealth OR ipod OR fitbit OR accelerometer 
OR pedometer OR wearable* ) ) ) AND ( ( TITLE ( intervention OR program* OR support OR education OR therapy ) ) ) 
AND NOT ( ( TITLE ( child* OR adolescent* OR protocol ) ) ) AND ( LIMIT-TO ( EXACTKEYWORD,"Human" ) OR 
LIMIT-TO ( EXACTKEYWORD,"Humans" ) OR LIMIT-TO ( EXACTKEYWORD,"Controlled Study" ) )   

Limitations applied: Human, Humans, Controlled Trial  
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Appendix 4: Overview of The Study Characteristics 

  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Aittasalo 
2006 [131] 

RCT; Finland; 
n=265; Age: 47 
(SD 11); 
76% female; 
Duration: 26wks 

MVPA & TPA (in 
min/week; 
questionnaire) 

I: Pedometer & PA-log. 
 
C: Combined; usual care group and counseling 
group.  

Short-term 
after 
6mths 

At-risk High 

Aittasalo 
2012 [41] 

RCT; Finland; 
n=241; Age: 44.6 
(SD 9.2); 
68.4% female; 
Duration: 24wks 

Walking (in 
min/week; IPAQ) 

I: Pedometer use, step-log and monthly e-mail 
messages from occupational health care provider. 
 
C: No intervention; waitlist.  

- At-risk High 

Alsaleh 2016 
[79] 

RCT; Jordan; 
n=156; Age: 57.8 
(SD 9.5); 
46.2% female; 
Duration: 26wks 

Walking & MVPA 
(in min/week; 
IPAQ) 

I: Usual care plus 6-month behavioral intervention 
by a cardiac nurse, PA diary, 6 telephone 
consultations, mobile text alerts. 
 
C: Minimal intervention; information from 
physician about general benefits of PA.  

- Sick Low 

Ashton 2017 
[80] 

RCT; Australia; 
n=50; Age: 22.1 
(SD 2); 
0% female; 
Duration: 12wks 

Walking (in 
steps/day vs. 
baseline; Yamax 
Digi-Walker 
SW200); MVPA 
(in min/week; 
GLTEQ) 

I: Website, wearable device, Facebook support 
group, face-to-face sessions (group and 
individual), personalized food and nutrient report, 
home-based resistance training equipment and 
portion control tool. 
 
C: No intervention; waitlist.  

- Healthy Low 

Baker 2008 
[81] 

RCT; United 
Kingdom; 
n=79; Age: 49.2 
(SD 8); 
79.7% female; 
Duration: 12wks 

Walking (in 
steps/day; Omron 
HJ-109E Step-O-
Meter) 

I: PA consultation, followed by 12-week 
pedometer-based walking program. 
 
C: Minimal intervention; instruction to maintain 
normal walking levels.  

- At-risk High 

Barnes 2015 
[155] 

RCT; Australia; 
n=40; Age: 39.1 
(SD 4.8); 
100% female; 
Duration: 8wks 

MVPA (in % 
MVPA/time 
tracked vs. 
baseline; 
ActiGraph GT3X 
and GT3X+) 

I: Pedometer, 5-minute mothers and daughter 
education sessions, 60-minutes PA session. 
 
C: No intervention; waitlist.   

Short-term 
after 
3mths 

At-risk Low 

Barwais 
2013 [82] 

RCT; Australia; 
n=30; Age: 27.7 
(SD 4.1); 
33.3% female; 
Duration: 4wks 

Walking & MVPA 
(in min/week; 
IPAQ-SF) 

I: Personal activity monitor (Gruve Solution), goal 
setting, motivational emails. 
 
C: No intervention; waitlist.  

- Healthy High 

Bennett 
2008 [156] 

RCT; New 
Zealand; 
n=72; Age: 57.9 
(SD 11.2); 
90% female; 
Duration: 24wks 

EE (in kcal/week; 
CHAMPS) 

I: Pedometer, telephone coaching with 
motivational interviewing. 
 
C: Alternative intervention; equal number of 
telephone calls but no motivational interviewing.  

- At-risk Low 

Butler 2004 
[83] 

RCT; Australia; 
n=33; Age: 52 
(SD 1.2); 
84.8% female; 
Duration: 4wks 

Walking (in 
steps/week; 
pedometer) 

I: Pedometer, information package, goal setting. 
 
C: Minimal intervention; blinded pedometer, 
information package, goal setting.  

- At-risk High 

Cadmus-
Bertram 
2019 [84] 

RCT; USA; 
n=50; Age: 54.4 
(SD 11.2);  
96% female; 
Duration: 12wks 

Walking 
(steps/day; 
ActiGraph); MVPA 
& TPA (min/week; 
ActiGraph) 

I: Fitbit tracker, educational handbook, in-person 
coaching, social support, email coaching, 
monitoring by clinic.  
 
C: Minimal intervention; educational handbook, 
emails.  

- Sick Low 

Carr 2013 
[148] 

RCT; USA; 
n=66; Age: 37.6 
(SD 11.9); 
75.4% female; 
Duration: 24wks 

TPA (min/week; 
PAR) 

I: Pedometer, website (step into motion), 
immediate, individually tailored PA messages 
generated by a computerized expert system. 
 
C: Alternative intervention; list of 6 reputable PA 
websites, email prompts on same schedule as IG.  

- At-risk High 
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  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Coelho 2018 
[43] 

RCT; Brazil; 
n=37; Age: 45.9 
(SD 16.7); 
86.4% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Pedometer, individualized daily step target, 
weekly phone consult. 
 
C: No intervention; only usual asthma follow-ups 
and telephone check-ins.  

Short-term 
after 
2.8mths 

Sick High 

Compernolle 
2015 [85] 

Cluster-RCT; 
Belgium; 
n=274; Age: 42 
(SD 11); 
62.5% female; 
Duration: 12wks 

Walking (in 
steps/day; Omron 
HJ-203-ED); 
MVPA & TPA (in 
min/week; IPAQ) 

I: Pedometer, information booklet, opportunity to 
request online tailored advice. 
 
C: No intervention.  

- Healthy High 

Creel 2016 
[86] 

RCT; USA; 
n=150; Age: 43.2 
(SD 11.2); 
84% female; 
Duration: 26wks 

Walking (in 
steps/day; 
ActiGraph GT3X); 
MVPA (in 
min/week; 
ActiGraph GT3X) 

I: Pedometer, information sheet, printed manual, 
PA goals, exercise counseling. 
 
C: Minimal intervention; usual care, educational 
materials.  

- At-risk Low 

Croteau 
2004 [129] 

RCT; USA; 
n=15; Age: 80.7 
(SD 7.3); 
93.3% female; 
Duration: 4wks 

Walking (in 
steps/week; Yamax 
Digi-Walker 
SW200) 

I: Counseling session, pedometer, weekly follow-
ups. 
 
C: No intervention; instruction to continue with 
daily activities.  

- At-risk Low 

Croteau 
2007 [130] 

RCT; USA; 
n=179; Age: 72.8 
(SD 8.8); 
78.2% female; 
Duration: 12wks 

Walking (in 
stpes/day; Yamax 
Digi-Walker SW 
200) 

I: Counseling, pedometer, self-monitoring. 
 
C: No intervention; waitlist.  

- At-risk Low 

Cruz 2016 
[44] 

RCT; Portugal; 
n=32; Age: 66.4 
(SD 8.4); 
15.6% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActiGraph 
GT3X+); MVPA & 
TPA (in min/day; 
ActiGraph GT3X+) 

I: Pulmonary rehabilitation (exercise training, 
weekly 90-min psychosocial support and 
education sessions); PA intervention (pedometer, 
log diary, goal setting, individual feedback by 
therapists). 
 
C: Alternative intervention same pulmonary 
rehabilitation as IG.  

Short-term 
after 
3mths 

Sick Low 

Dadaczynski 
2017 [87] 

RCT; Germany; 
n=232; -; 
35% female; 
Duration: 6wks 

Walking & MVPA 
(in min /week; 
IPAQ-SF) 

I: Online-based program (goal setting, quizzes, PA 
challenges, social comparison), Fitbit.   
 
C: No intervention; waitlist.  

- Healthy High 

De Blok 
2006 [88] 

RCT; 
Netherlands; 
n=21; Age: 64 
(SD 11.3); 
57.1% female; 
Duration: 9wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Pedometer, 4 individual PA counselling 
sessions, pulmonary rehabilitation program 
(exercise training, dietary intervention, psycho-
educational modules). 
 
C: Minimal intervention; usual care, same 
pulmonary rehabilitation program as IG.  

- Sick Low 

De Greef 
2010 [73] 

RCT; Belgium; 
n=41; Age: 61.3 
(SD -); 
31.7% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200); MVPA & 
TPA (in min/day; 
Yamax Digi-
Walker SW200) 

I: Pedometer, 5 cognitive-behavioral group 
coaching sessions, pedometer diary. 
 
C: Minimal intervention; informational materials, 
usual endocrinologist visits.  

Long-term 
after 
9.2mths 

Sick Low 

De Greef 
2011 [74] 

RCT; Belgium; 
n=92; Age: 62 
(SD 9); 
31.5% female; 
Duration: 24wks 

Walking (in 
steps/day; 
accelerometer); 
MVPA & TPA (in 
min/day; IPAQ) 

I: Face-to-face session, pedometer, diary, 7 
telephone follow-ups. 
 
C: Minimal intervention; usual diabetes care.  

Long-term 
after 
6.5mths 

Sick Low 

De Greef 
2011 [89] 

RCT; Belgium; 
n=67; Age: 67.4 
(SD 9.3); 
29.9% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200); MVPA & 
TPA (in min/day, 
IPAQ) 

I: Pedometer, 3 counselling session (delivered by 
general practitioner or in groups), diary, goal 
setting. 
 
C: No intervention.  

- Sick Low 
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  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Demeyer 
2017 [90] 

RCT; Belgium, 
Greece, UK, 
Switzerland, 
Netherlands; 
n=343; Age: 66.5 
(SD 8); 
36.2% female; 
Duration: 12wks 

Walking & MVPA 
(in min/day vs. 
baseline; Dynaport 
Movemonitor & 
ActiGraph GT3x) 

I: Usual care, tele-coaching intervention 
(pedometer, one-to-one interview with 
investigator, automated coaching app, 
individualized automated goal setting, booklet 
containing home exercises, weekly text message 
with activity proposals, telephone contacts when 
non-compliant or failure to progress. 
 
C: Minimal intervention; educational materials 
explaining importance of PA in COPD patients, 
10-min fact-to-face discussion with investigator. 

- Sick Low 

       
Dishman 
2009 [91] 

RCT; USA; 
n=1442; Age: 
36.2 (SD 9.8); 
69% female; 
Duration: 12wks 

Walking & MVPA 
(in MET-hrs/week; 
IPAQ) 

I: Pedometer, individual goal setting, handbook, 
management endorsement, employee–
management steering committees, group and 
organizational goal setting, environmental 
prompts.  
 
C: Minimal intervention; CDC health risk 
appraisal, monthly newsletter.  

- Healthy High 

Dlugonski 
2012 [45] 

RCT; USA; 
n=45; Age: 46.6 
(SD 9.7); 
86.7% female; 
Duration: 12wks 

TPA (in MET-
min/week; 
GLTEQ) 

I: Website with educational videos, pedometer, 
self-monitoring & goal setting, logbook, CD with 
instructional videos, 7 individual video coaching 
sessions. 
 
C: No intervention; waitlist.  

Short-term 
after 
3mths 

Sick Low 

Duru 2010 
[92] 

RCT; USA; 
n=71; Age: 72.8 
(SD 8.1); 
100% female; 
Duration: 8wks 

Walking (in 
steps/week vs. 
baseline; Yamax 
Digi-Walker 
SW200) 

I: Goal setting, pedometer self-monitoring, 
exercise classes. 
 
C: Alternative intervention; lectures on non-PA 
topics (e.g. memory loss), exercise classes.  

- At-risk Low 

Eakin 2014 
[46] 

RCT; Australia; 
n=302; Age: 58 
(SD 8.6); 
43.7% female; 
Duration: 78wks 

MVPA (in 
min/week; 
ActiGraph) 

I: Pedometer, telephone counselling (up to 27 
calls), motivational interviewing, digital scale, 
self-monitoring and goal setting. 
 
C: Minimal intervention; usual primary care visits, 
educational brochure.  

Short-term 
after 
6mths 

Sick Low 

Edney 2020 
[47] 

RCT; Australia; 
n=444; Age: 41.3 
(SD 11.6); 
74.1% female;  
Duration: 39wks 

MVPA (in 
min/day; 
GENEActiv) 

I: Combined intervention group; Active Team app 
and a wrist-worn pedometer; or a weekly e-mail 
and basic app. 
 
C: Minimal intervention; educational materials. 

Short-term 
after 
6mths 

At-risk High 

Engel 2006 
[93] 

RCT; Australia; 
n=57; Age: 62.4 
(SD 7.2); 
48.1% female; 
Duration: 26wks 

Walking (in 
min/week; weekly 
logbook) 

I: Pedometer, coaching (goal setting, education 
and motivational tactics). 
 
C: Alternative intervention; same coaching as IG.  

- Sick Low 

Finkelstein 
2016 [48] 

Cluster-RCT; 
Singapore; 
n=800; Age: 35.7 
(SD 8.5); 
53.7% female; 
Duration: 26wks 

Walking (in 
steps/day vs. 
baseline; 
ActiGraph GT-
3x+); MVPA (in 
min/week vs. 
baseline; 
ActiGraph GT-
3x+) 

I: Combined intervention group; all participants 
received Fitbit and educational booklets; 1/3rd 
received charity incentives; 1/3rd received cash 
incentives. 
 
C: Minimal intervention; educational materials.  

Short-term 
after 
6mths 

Healthy High 

Fischer 2019 
[132] 

RCT; 
Switzerland; 
n=288; Age: 42.2 
(SD 11.4); 68.4% 
female; Duration: 
26wks 

MVPA (in 
min/day; 
ActiGraph 
wGT3X-BT) 

I: Telephone coaching, text messages.  
 
C: Combined; telephone coaching or educational 
materials.  

- At-risk Low 

Fjeldsoe 
2010 [94] 

RCT; Australia; 
n=88; Age: 29.5 
(SD 6.2);  
100% female; 
Duration: 12wks 

Walking & MVPA 
(in min/week vs. 
baseline; AWAS) 

I: Face-to-face PA goal setting consultation, a goal 
setting magnet, 3-5 personally tailored SMS/week, 
a nominated support person who received two 
SMS weekly.  
 
C: Minimal intervention; one face-to-face PA goal 
setting consultation and educational materials.  

- At-risk Low 
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  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Fjeldsoe 
2015 [49] 

RCT; Australia; 
n=263; Age: 31.9 
(SD 9.5); 
100% female; 
Duration: 13wks 

MVPA (in 
min/week vs. 
baseline; 
ActiGraph GT1M) 

I: Face-to-face coaching, individually tailored text 
messages, telephone coaching, educational 
materials, website, Facebook group.  
 
C: Alternative intervention, educational materials, 
website, Facebook group.  

Short-term 
after 
6mths 

Healthy Low 

Furber 2010 
[50] 

RCT; Australia; 
n=222; Age: 66 
(SD 11.1); 
29.8% female; 
Duration: 6wks 

Walking & TPA (in 
min/week; AAS) 

I: Pedometer, step calendar for self-monitoring, 
telephone support including goal setting, 
informational brochures. 
 
C: Minimal intervention; informational brochures.  

Short-term 
after 
4.5mths 

Sick Low 

Gell 2015 
[95] 

RCT; USA; 
n=87; Age: 47 
(SD 11); 
100% female; 
Duration: 24wks 

Walking (in 
steps/day; Omron 
HJ-720ITC) 

I: Informational website, map with 5 suggested 
walking routes, 3 text messages per week. 
 
C: Alternative intervention, informational website, 
map with 5 suggested walking routes.  

- Healthy High 

Gill 2019 
[96] 

RCT; Canada; 
n=118; Age: 57.7 
(SD 13.5); 78.8% 
female; Duration: 
26wks 

Walking (in 
steps/day vs. 
baseline; Yamax 
Digi-Walker 
SW200); TPA (in 
MET-min/week vs. 
baseline; IPAQ) 

I: In-person coaching, pedometer, personalized 
feedback, goal setting, social online community, 
telephone coaching, smartphone app, virtual 
coach, website.  
 
C: No intervention; provided publicly available 
resources related to healthy lifestyles.  

- At-risk Low 

Glasgow 
2012 [156] 

RCT; USA; 
n=463; Age: 58.4 
(SD 9.2); 
49.8% female; 
Duration: 52wks 

EE (in cals/week; 
CHAMPS) 

I: Combined intervention group; educational 
website, pedometer, goal setting, self-monitoring, 
motivational calls, follow-up calls, group 
coaching. 
 
C: Alternative intervention; educational website, 
computer-based health risk appraisal, feedback 
and recommended preventive care behaviors.  

- Sick Low 

Glynn 2014 
[97] 

RCT; Ireland; 
n=139; Age: 44.1 
(SD 11.5); 
64% female; 
Duration: 8wks 

Walking (in 
steps/day; 
smartphone) 

I: PA app, goal setting, PA brochure.  
 
C: No intervention; waitlist.  

- Healthy High 

Golsteijn 
2018 [133] 

RCT; 
Netherlands; 
n=510; Age: 66.4 
(SD 7.6); 
13% female; 
Duration: 12wks 

MVPA (in 
min/week; 
ActiGraph GT3X-
BT) 

I: Computer-tailored PA advice, pedometer, 
access to informational website. 
 
C: No intervention; waitlist.  

- Sick High 

Hardeman 
2020 [98] 

RCT; United 
Kingdom; 
n=1007; Age: 
56.1 (SD 9.5); 
61.7% female; 
Duration: 13wks 

Walking (in 
steps/day; 
ActiGraph GT3X); 
MVPA (in 
min/day; 
ActiGraph GT3X) 

I: NHS health check, 5-min.coaching, educational 
materials, pedometer, step chart.  
 
C: Minimal intervention; NHS health check.  

- Healthy Low 

Harris 2018 
[75] 

RCT; United 
Kingdom; 
n=1321; Age: 
60.8 (SD 3.3); 
61.8% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActiGraph 
GT3X+); MVPA 
(in min/week; 
ActiGraph GT3X+) 

I: Combined intervention; pedometer, activity 
diary, informational leaflet, goal setting; or 3-4 in-
person consultations with nurse, pedometer, 
activity diary, informational leaflet, goal setting.  
 
C: Minimal intervention; usual primary care.  

Long-term 
after 
45.2mths 

At-risk Com-
bined 

Hornikx 
2015 [99] 

RCT; Belgium; 
n=30; Age: 67 
(SD 6.5); 
43.3% female; 
Duration: 4wks 

Walking (in 
steps/day vs. 
baseline; Dynaport 
MoveMonitor) 

I: Fitbit ultra, telephone PA counselling (3x per 
week), goal setting. 
 
C: Minimal intervention; PA consultation.  

- Sick Low 
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Hospes 2009 
[100] 

RCT; 
Netherlands; 
n=39; Age: 62.2 
(SD 8.6); 
40% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Pedometer, 5 counselling sessions with 
motivational interviewing. 
 
C: Minimal intervention; usual care. 

- Sick Low 

Houle 2011 
[101] 

RCT; Canada; 
n=65; Age: 58.5 
(SD 8.5); 
21.5% female; 
Duration: 52wks 

Walking (in 
steps/day; Yamax 
Digi-Walker NL-
2000) 

I: Pedometer, activity diary, 5 coaching sessions. 
 
C: Minimal intervention; standard PA and 
medication advice at discharge, access to center-
based cardiac rehabilitation program or health 
professional.  

- Sick Low 

Hultquist 
2005 [102] 

RCT; USA; 
n=62; Age: 45 
(SD 6); 
100% female; 
Intervention 
duration: 4wks 

Walking (in 
steps/day; New 
Lifestyles NL-
2000) 

I: Pedometer, daily step log, goal setting. 
 
C: Minimal intervention; sealed pedometer, daily 
step log, goal setting.  

- At-risk High 

Izawa 2012 
[103] 

RCT; Japan; 
n=126; Age: 59.2 
(SD 10.7); 
20% female; 
Duration: 3wks 

Walking (in 
steps/day; Kenz 
Lifecorder EXa1); 
EE (in cal/day; 
Kenz Lifecorder 
EXa1) 

I: Accelerometer, group exercise sessions (5x 
weekly), dietary and medication advice, self-
monitoring. 
 
C: Alternative intervention; group exercise 
sessions (5x weekly), dietary and medication 
advice. 

- Sick Low 

James 2015 
[51] 

RCT; Australia; 
n=176; Age: 57 
(SD 12); 
77.4% female; 
Duration: 8wks 

Walking (in 
steps/day vs. 
baseline; Yamax 
Digi-Walker 
SW200); MVPA 
(in min/week vs. 
baseline; AAS) 

I: Pedometer and activity log, 6 educational 
sessions on nutrition and activity, gymstick for 
resistance training, goal setting, information about 
community-based programs and support groups. 
 
C: No intervention; waitlist.  

Short-term 
after 
2.8mths 

Sick Low 

Kangasniemi 
2015 [40] 

RCT; Finland; 
n=138; Age: 43.5 
(SD 5); 
82.3% female; 
Duration: 9wks 

Walking (in 
steps/day; 
ActiGraph GT1M, 
GT3X); MVPA (in 
min/day; 
questionnaire) 

I: Pedometer, PA diary, written feedback, 6 group 
sessions including goal setting and mindfulness 
exercises. 
 
C: Alternative intervention; written feedback on 
PA, PA diary during measurement periods.  

Short-term 
after 
6mths 

At-risk Low 

Katzmarzyk 
2011 [104] 

RCT; USA; 
n=43; Age: 51.4 
(SD 8.2); 
83.7% female; 
Duration: 1wk 

Walking (in 
steps/day; 
ActiGraph GT3X); 
MVPA (in 
min/day; 
ActiGraph GT3X) 

I: Informational brochure, pedometer, 10-min 
introductory walk and coaching on walking 
strategies. 
 
C: Minimal intervention; educational brochure.  

- At-risk Low 

Kawagoshi 
2015 [105] 

RCT; Japan, 
n=39; Age: 74.6 
(SD 8.4);  
11.1% female; 
Duration 52wks 

Walking (in 
min/day vs. 
baseline; A-MES 
accelerometer) 

I: Pedometer and pulmonary rehab (education 
program including lectures about equipment use, 
nutrition, stress management, relaxation 
techniques, home exercises and the benefits of 
PA).  
 
C: Alternative intervention; pulmonary rehab.  

- Sick Low 

Kendzor 
2017 [134] 

RCT; USA; 
n=32; Age: 48.4 
(SD 8.1); 
25% female; 
Duration: 4wks 

MVPA (in 
min/day; 
ActiGraph GT3X) 

I: Pedometer, automated personalized 
informational newsletters, inspirational 
testimonial, fruit/vegetable snack. 
 
C: No intervention; waitlist.  

- Healthy Low 

Kernot 2019 
[52] 

RCT; Australia; 
n=120; Age: 31.8 
(SD 4.5); 100% 
female; Duration: 
6wks.  

Walking (in 
min/week; AAS); 
MVPA (in 
min/week; 
ActiGraph 
GT3X+); TPA (in 
total activity 
counts; ActiGraph 
GT3X+) 

I: Combined group: moms step it up Facebook 
app, daily PA tip, emails, walking challenge; or 
pedometer and step-log.  
 
C: Minimal intervention; PA advice emails.  

Short-term 
after 
4.6mths 

Healthy High 
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Keyserling 
2008 [135] 

RCT; USA; 
n=236; Age: 53 
(SD 1.2); 
100% female; 
Duration: 52wks 

MVPA & TPA (in 
PAA score; New 
Leaf PAA) 

I: Pedometer, individual and group counselling, 
counselling calls, reinforcement mailings, 
information about community support services. 
 
C: Minimal intervention; informational brochures.  

- Healthy Low 

Kim 2018 
[136] 

Cluster-RCT; 
USA; 
n=187; Age: 20.2 
(SD 1.7); 
62% female; 
Duration: 15wks 

MVPA (in 
min/week; 
ActiGraph 
Actitrainer) 

I: Activity tracker, course on PA and nutrition (1 
semester). 
 
C: Alternative intervention; course on PA and 
nutrition (1 semester).  

- Healthy Low 

King 2008 
[137] 

RCT; USA; 
n=37; Age: 60.2 
(SD 7.1); 
43.2% female; 
Intervention 
duration: 8wks 

MVPA (in 
min/week; 
CHAMPS); EE (in 
kcal/kg/week; 
CHAMPS) 

I: Educational materials, PDA, pedometer. 
 
C: Minimal intervention, educational materials. 

- At-risk High 

King 2013 
[106] 

RCT; USA; 
n=40; Age: 68.3 
(SD 8.2); 
72% female; 
Duration: 17wks 

Walking (in 
min/week vs. 
baseline; 
CHAMPS) 

I: Virtual advisor, pedometer, accompanied walks, 
goal setting, monetary incentives to walk (raffle). 
 
C: Minimal intervention; general health program. 

- At-risk Low 

Koizumi 
2009 [138] 

RCT; Japan; 
n=68; Age: 66.5 
(SD 4); 
100% female; 
Duration: 12wks 

MVPA (in 
min/day; Kenz 
Lifecorder) 

I: Accelerometer, in person meetings at 
community center to set step goals and get PA 
feedback. 
 
C: No intervention; blinded accelerometer.  

- At-risk Low 

Kolt 2012 
[76] 

RCT; New 
Zealand; 
n=330; Age: 74.1 
(SD 6.1); 
53.9% female; 
Duration: 12wks 

Walking, MVPA & 
TPA (in min/week; 
AHSPAQ) 

I: Pedometer, initial face-to-face advice on PA 
from physician, 3 telephone counselling sessions 
by trained PA counsellors, goal setting. 
 
C: Alternative intervention; initial face-to-face 
advice on PA from physician, 3 telephone 
counselling sessions by trained PA counsellors, 
goal setting. 

Long-term 
after 
9.2mths 

At-risk Low 

Lane 2015 
[149] 

Cluster-RCT; 
Ireland; 
n=402; Age: 52.6 
(SD -); 
100% female; 
Intervention 
duration: 9wks 

TPA (in min/week; 
IPAQ) 

I: Pedometer, informational booklets, PA classes, 
individualized training plans. 
 
C: Minimal intervention informational booklet on 
healthy eating.  

- Healthy Low 

Li 2017 
[139] 

RCT; Canada; 
n=34; Age: 55.5 
(SD 8.6); 
82% female; 
Duration: 8wks 

MVPA (in MET-
in/day; SenseWear 
Mini) 

I: Group education session about PA, Fitbit Flex, 
individual weekly activity counselling with a 
physical therapist by telephone. 
 
C: No intervention; delayed group.  

- Sick Low 

Li 2020 
[107] 

RCT; Canada; 
n=118; Age: 53.3 
(SD 13.6); 
89% female; 
Duration: 8wks 

Walking (in 
steps/day; 
SenseWear) MVPA 
(in min/day; 
SenseWear) 

I: Education and counselling, Fitbit, web-
application, feedback, 4 follow-up calls.  
 
C: Minimal intervention; monthly emails.  

- Sick Low 

Long 2013 
[108] 

RCT; United 
Kingdom; 
n=89; Age: 47.3 
(SD 7); 
100% female; 
Duration: 16wks 

Walking (in 
steps/week; New 
Lifestyles NL 
1000) 

I: PA consultation by practitioner (including 
booklet), pedometer, weekly prompts (telephone, 
e-mail or texts). 
 
C: Minimal intervention; advisory leaflet.  

- At-risk Low 

Lynch 2019 
[109] 

RCT; Australia; 
n=83; Age: 61.6 
(SD 6.4); 
100% female; 
Duration: 8wks 

Walking (in 
steps/day; 
ActivPAL); MVPA 
(in min/week; 
ActiGraph GT3X+) 

I: Garmin Vivofit 2 activity monitor, feedback, 
goal-setting session, telephone coaching sessions, 
app, individualized automated feedback.  
 
C: No intervention; waitlist.  

- Sick Low 
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Lyons 2017 
[110] 

RCT; USA; 
n=40; Age: 61.5 
(SD 5.6); 
85% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActivPAL); TPA 
(in stepping-
min/day; 
ActivPAL) 

I: Mini tablet mobile device, wearable activity 
monitor, app, orientation visit, weekly telephone 
counselling. 
 
C: No intervention; waitlist. 

- At-risk Low 

Maher 2015 
[53] 

RCT; Australia; 
n=110;  
74.5% female; 
Duration: 8wks 

Walking & MVPA 
(in min/week; 
AAS) 

I: Pedometer, Facebook app (active team) used in 
group of 3-8 Facebook friends, calendar to log 
daily (team) step counts, dashboard, team tally 
board, social comparison, gamification features.  
 
C: No intervention; waitlist  

Short-term 
after 
2.8mths 

At-risk High 

Mailey 2010 
[150] 

RCT; USA; 
n=51; Age: 25 
(SD -); 
68.1% female; 
Duration: 10wks 

TPA (in activity 
counts/day; 
ActiGraph) 

I: Pedometer, website, activity log, reminder email 
to submit an activity log, 2 monthly meetings with 
PA counsellor. 
 
C: Minimal intervention; mental health 
counseling, waitlist. 

- Sick Low 

Mansi 2015 
[54] 

RCT; New 
Zealand; 
n=58; Age: 41.5 
(SD 13.6); 
58.6% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200); MVPA & 
TPA (in MET-
min/week; IPAQ-
SF) 

I: Pedometer, goal setting, feedback, educational 
material, self-monitoring. 
 
C: Minimal intervention; educational materials.  

Short-term 
after 
3mths 

At-risk High 

Martin 2015 
[111] 

RCT; USA; 
n=48; Age: 58 
(SD 8); 
46% female; 
Duration: 5wks 

Walking (in 
steps/day vs. 
baseline; Fitbug 
Orb); TPA (in 
min/day vs. 
baseline; Fitbug 
Orb) 

I; Fitbug orb+, smartphone and web interface, 
smart texts (half of group). 
 
C: Minimal intervention; blinded Fitbug Orb.  

- Sick High 

Maselli 2019 
[55] 

RCT; Italy; 
n=33; Age: 22 
(SD 2); 
60.6% female; 
Duration: 12wks 

MVPA (in 
min/week; 
ActiGraph) 

I: MyWellness Key accelerometer, goal setting.  
 
C: Combined; counseling and goal setting or 
waitlist.  

Short-term 
after 
3mths 

At-risk High 

Maxwell-
Smith 2019 
[140] 

RCT; Australia; 
n=68; Age: 64.1 
(SD 7.9); 
50% female; 
Duration: 12wks 

MVPA (in 
min/week; 
ActiGraph GT9X) 

I: Wearable tracker, group coaching, supportive 
phone calls.  
 
C: Minimal intervention; educational materials.  

- Sick Low 

Melville 
2015 [112] 

Cluster-RCT; 
United Kingdom; 
n=102; Age: 46.2 
(SD 13.0); 
44% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActiGraph GT3X); 
MVPA & TPA (in 
percentage 
time/day; 
ActiGraph GT3X) 

I: Pedometer, individual PA consultations, 
structured walking program, booklet, goal setting, 
choice-based involvement of advisors.  
 
C: No intervention; waitlist.  

- Sick Low 

Mendoza 
2015 [113] 

RCT; Chile; 
n=102; Age: 68.6 
(SD 8.5); 
39.2% female; 
Duration: 12wks 

Waling (in 
steps/day vs. 
baseline; Tanita 
PD724) 

I: Pedometer, daily diary, regular monthly COPD 
visit.  
 
C: Alternative intervention; received counselling 
at each COPD visit and were advised to walk for 
at least 30-min per day, diary.  

- Sick High 

Merom 2007 
[114] 

RCT; Australia; 
n=369; Age: 49.1 
(SD 9.3); 
85% female; 
Duration: 12wks 

Walking, MVPA & 
TPA (in min/week 
vs. baseline; AAS) 

I: Pedometer, brochure, diary, booklet. 
 
C: Combined; self-help walking program and 
weekly diaries; or no intervention.  

- At-risk High 

Motl 2011 
[151] 

RCT; USA; 
n=54; Age: 45.8 
(SD 9.7); 
89.6% female; 
Duration: 12wks 

TPA (in MET-
min/week; 
GLTEQ) 

I: Informational video, text messages, pedometer, 
automated email announcements about new 
information, chats with PA coaches.  
 
C: No intervention; waitlist.  

- Sick Low 

Müller 2016 
[56] 

RCT; Malaysia; 
n=43; Age: 63.3 
(SD 4.5); 
74% female; 
Duration: 12wks 

TPA (in MET-
min/week; IPAQ) 

I: Exercise booklet, personal exercise instruction, 
60 text messages, home visits. 
 
C: Minimal intervention; exercise booklet, 
personal exercise instructions. 

Short-term 
after 
2.8mths 

At-risk Low 
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Murawski 
2019 [57] 

RCT; Australia; 
n=160; Age: 41.7 
(SD 9.9); 
80.0% female; 
Duration: 12wks 

MVPA (in 
min/week; AAS) 

I: Balanced smartphone app, personalized 
feedback, educational materials, text messages, 
emails, pedometer.  
 
C: No intervention; waitlist.  

Short-term 
after 
3.2mths 

Healthy  High 

Mutrie 2012 
[58] 

RCT; United 
Kingdom; 
n=41; Age: 70.8 
(SD 5.2); 
68.3% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActivPAL) 

I: PA consultations, walking program (booklet and 
pedometer), option to participate in walking 
groups. 
 
C: No intervention; waitlist.  

Short-term 
after 
2.8mths 

At-risk Low 

Nolan 2017 
[59] 

RCT; United 
Kingdom; 
n=152; Age: 68 
(SD 9); 
28% female; 
Duration: 8wks 

Walking (in 
steps/day vs. 
baseline; 
SenseWear); 
MVPA (in MET-
min/day vs. 
baseline) 

I: Pulmonary rehabilitation, pedometer, step-count 
diary. 
 
C: Minimal intervention; pulmonary 
rehabilitation.  

Short-term 
after 
6mths 

Sick High 

Oliveira 
2019 [60] 

RCT; Australia; 
n=131; Age: 71.5 
(SD 6.5); 
71% female; 
Duration: 26wks 

Walking (in 
steps/day; 
ActiGraph GT3X-
BT) 

I: Fact-to-face health coaching, continuous 
telephone coaching, goal setting, pedometer, 
individualized advice, educational materials.  
 
C: Minimal intervention; educational materials.  

Short-term 
after 
6mths 

At-risk Low 

Paul 2016 
[115] 

RCT; United 
Kingdom; 
n=24; Age: 56 
(SD 10.0); 
52% female; 
Intervention 
duration: 6wks 

Walking (in 
steps/day; 
ActivPAL) 

I: Smartphone, Starfish app, pedometer. 
 
C: Minimal intervention; usual care.  

- Sick High 

Pekmezi 
2017 [141] 

RCT; USA; 
n=84; Age: 57 
(SD 4.7); 
100% female; 
Duration: 26wks 

MVPA (in 
min/week; 
ActiGraph GT3X) 

I: Pedometer, regular mailings, computer 
generated individualized feedback-reports 
addressing psychosocial and environmental 
factors affecting PA. 
 
C: Minimal intervention; cancer prevention, 
information on topics other than PA. 

- At-risk High 

Pinto 2013 
[61] 

RCT; USA; 
n=46; Age: 57.3 
(SD 9.7); 
54% female; 
Duration: 12wks 

MVPA (in in/week; 
7-day PAR); EE (in 
cals/week; 
CHAMPS) 

I: Pedometer, walking log, weekly phone calls. 
 
C: Alternative intervention; weekly phone calls.  

Short-term 
after 
3mths, 
Long-term 
after 
9mths 

Sick Low 

Pinto 2015 
[62] 

RCT; USA; 
n=76; Age: 55.6 
(SD 9.6); 
100% female; 
Duration: 12wks 

MVPA (in 
min/week; 
ActiGraph GT3X) 

I: Telephone-based PA counseling, pedometer, 
heart rate monitor, information booklets, frequent 
feedback reports. 
 
C: Alternative intervention, 12 calls, informational 
booklets, PA tip sheets.  

Short-term 
after 
2.8mths 

Sick Low 

Poirier 2016 
[116] 

RCT; USA; 
n=265; Age: 39.9 
(SD 11.7); 
66% female; 
Duration: 6wks 

Walking (in 
steps/day; Pebble+) 

I: Activity tracker, internet-based program 
(Walkadoo). 
 
C: Minimal intervention; asked to continue usual 
routine.  

- Healthy High 

Pope 2018 
[117] 

RCT; USA; 
n=32; Age: 52.6 
(SD 9.3); 
100% female; 
Duration: 10wks 

Walking (in 
steps/day; 
ActiGraph 
GT3X+); MVPA 
(in min/day; 
ActiGraph GT3X+) 

I: Polar M400 smartwatch, Facebook page, 
strength and aerobic training program via 
Facebook.  
 
C: Alternative intervention; Facebook group, 
strength and aerobic training program via 
Facebook, weekly tips. 

- Sick Low 

Prestwich 
2009 [142] 

RCT; United 
Kingdom; 
n=155; Age: 23.8 
(SD 4.6); 
58% female; 
Duration: 4wks 

MVPA (in exercise 
frequency, 
questionnaire) 

I: Motivational text messages, implementation 
intention plan. 
 
C: Combined; motivational messages, 
implementation intention plan; or no intervention.  

- At-risk High 
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Prestwich 
2010 [118] 

RCT; United 
Kingdom; 
n=149; Age: 23.4 
(SD 5.6); 
66% female; 
Duration: 4wks 

Walking (in 
days/week 
w/>30min; SWET); 
TPA (in days/week 
w/>30min exercise; 
SWET) 

I: PA guidelines, implementation intention plan, 
website, specific PA plan, SMS reminders (on 
goals or plan). 
 
C: Minimal intervention; PA guidelines.  

- At-risk High 

Reijonsaari 
2012 [119] 

RCT; Finland; 
n=544; Age: 43.5 
(SD 10); 
64% female; 
Duration: 52wks 

Walking (in MET-
min/week; IPAQ-
SF) 

I: Accelerometer, goal setting, online service 
helping to track their activity levels, telephone or 
web counselling. 
 
C: Minimal intervention; fitness test informational 
leaflet on PA.  

- Healthy Low 

Ribeiro 2014 
[63] 

RCT; Brazil; 
n=195; Age: 45 
(SD 3); 
100% female; 
Duration: 13wks 

Walking (in 
steps/week vs. 
baseline; Digi-
Walker PW610); 
MVPA (in 
moderate intensity 
steps/week vs. 
baseline; Digital-
Walker PW 610) 

I: Counseling sessions (individual or group), 
booklet, pedometer, diary. 
 
C: Combined; counseling sessions, booklet; or 
aerobic exercise sessions (twice per week).  

Short-term 
after 
3mths 

At-risk Low 

Roos 2014 
[120] 

RCT; South 
Africa; 
n=84; Age: 39.1 
(SD 9.2); 
79% female; 
Duration: 52wks 

Walking (in 
steps/day vs. 
baseline; Yamax 
Digi-Walker 
SW200) 

I: Pedometer, activity diary, contact sessions, 
SMS. 
 
C: Minimal intervention; standard HIV care, 
monthly call from principal investigator. 

- Sick Low 

Rowley 
2019 [121] 

RCT; USA; 
n=170; Age: 67.3 
(SD 6.3); 
79.4% female; 
Duration: 12wks 

Walking (in 
steps/day; Omron 
HJ-720ITC) 

I: Combined; individually tailored feedback 
through interactive website, goal setting, 
pedometer; or pedometer and goal setting.  
 
C: No intervention; instruction to maintain current 
behavior.  

- At-risk High 

Samuels 
2011 [143] 

RCT; USA; 
n=50; Age: 48.7 
(SD 9.1); 
81% female; 
Duration: 4wks 

MVPA (in 
min/day; 
ActiGraph 7164) 

I: Pedometers, instructed to achieve 10 000 steps 
daily, weekly meetings, activity logs. 
 
C: Combined; sealed pedometers, weekly 
meetings with principal investigator, activity logs, 
instructed to engage in 30-minutes of MVPA 
daily; or instructed to accumulate 30-minutes of 
MVPA in bouts of at least 10-minutes or longer on 
a daily basis. 

- At-risk Low 

Schwerdt-
feger 2012 
[154] 

RCT; Austria; 
n=63; Age: 23.7 
(SD 4); 
68% female; 
Duration: 1wk 

TPA (in 
counts/min; 
ActiGraph GT1M) 

I: Individual PA information and planning 
sessions, goal setting, daily SMS reminders (only 
half of participants). 
 
C: Minimal intervention: government PA 
guidelines.  

- At-risk Low 

Sharp 2016 
[144] 

RCT; Canada; 
n=184; Age: 18 
(SD 0.7); 
53% female; 
Duration: 12wks 

MVPA (in 
min/week, 
GLTEQ) 

I: Pedometer, monthly tracking logs, follow-up e-
mails. 
 
C: No intervention; instruction to continue with 
usual activity.  

- Healthy High 

Simons 2018 
[64] 

Cluster-RCT; 
Belgium; 
n=130; Age: 25 
(SD 3.0); 
51.5% female; 
Duration: 9wks 

Walking (in 
steps/day; 
ActiGraph 
GT3X+); MVPA & 
TPA (in min/day; 
ActiGraph GT3X+) 

I: Active Coach app, Fitbit, goal setting, 
educational materials.  
 
C: Minimal intervention; educational materials.  

Short-term 
after 
3.2mths 

At-risk High 

Spence 2009 
[122] 

RCT; Canada; 
n=63; -; 
100% female; 
Duration: 1wk 

Walking (in 
min/week; IPAQ-
SF) 

I: Pedometer, log sheet, walking intentions and 
self-efficacy questionnaire encouraging 12 500 
steps/day (only half of participants).  
 
C: Combined; walking intentions and self-efficacy 
questionnaire encouraging 12 500 steps/day; or no 
intervention.   

- Healthy High 

Stacey 2016 
[65] 

RCT; Australia; 
n=174; Age: 57 
(SD 12); 
77% female; 
Duration: 8wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Group education sessions, workbook, 
pedometer, gymstick. 
 
C: No intervention; waitlist.  

Short-term 
after 
2.8mths 

Sick Low 
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  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Sugden 2008 
[152] 

RCT; United 
Kingdom; 
n=54; Age: 76 
(SD -); 
100% female; 
Intervention 
duration: 12wks 

TPA (in activity 
count/day; Stay 
Healthy RT3) 

I: Pedometer, individualized activity action plans, 
daily activity diary, counseling session and phone 
calls. 
 
C: Alternative intervention; individualized activity 
action plans, daily activity diary, counseling 
session and phone calls.  

- At-risk Low 

Suggs 2013 
[66] 

RCT; United 
Kingdom; 
n=331; Age: 39.5 
(SD 14.8); 
82.5% female; 
Duration: 12wks 

TPA (in MET 
hrs/week; IPAQ-L) 

I: 12 Emails, 24 text messages. 
 
C: Alternative intervention; 12 emails.  

Short-term 
after 
0.9mths 

Healthy High 

Tabak 2014 
[123] 

RCT; 
Netherlands; 
n=34; Age: 66.6 
(SD 7.4); 
37% female; 
Duration: 3wks 

Walking (in 
steps/ay; Yamax 
Digi-Walker 
SW200) 

I: Activity coach (smartphone and accelerometer), 
web portal, feedback text messages, usual COPD 
rehabilitation care (medication and 
physiotherapy). 
 
C: Minimal intervention; usual COPD 
rehabilitation care (medication and 
physiotherapy).  

- Sick High 

Talbot 2003 
[67] 

RCT; USA; 
n=34; Age: 70.2 
(SD 5.8); 
76.5% female; 
Duration: 12wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Arthritis self-management education, 
pedometer, activity logs, brief individual 
counseling, exercise booklet. 
 
C: Alternative intervention; 12-hour arthritis self-
management program. 

Short-term 
after 
2.8mths 

Sick Low 

Ter Hoeve 
2018 [68] 

RCT; 
Netherlands; 
n=731; Age: 58.7 
(SD 8.7); 
18% female; 
Duration: 52wks 

Walking (in 
steps/wear time; 
ActiGraph); MVPA 
(in MVPA/wear 
time; Actigraph) 

I: Pedometer, group exercise and counseling 
sessions, booklet. 
 
C: Combined; group exercise sessions; or exercise 
sessions and 9 month telephonic after-care 
program.  

Short-term 
after 
6mths 

Sick Low 

Thorndike 
2014 [124] 

RCT; USA; 
n=103; Age: 29 
(SD -); 
54% female; 
Duration: 12wks 

Walking (in 
steps/day; Fitbit) 

I: Fitbit, Fitbit website. 
 
C: No intervention; blinded Fitbit.  

- Healthy High 

Thorsteinsen 
2014 [153] 

RCT; Norway; 
n=21; Age: 55.3 
(SD 11.2); 
47.6% female; 
Duration: 12wks 

TPA (in min/week; 
questionnaire) 

I: Information meeting, website, goal setting, 
personalized text messages, game elements 
(competition and social comparison, group goal 
setting). 
 
C: Minimal intervention; information meeting, 
daily reporting of PA levels through survey.  

- Healthy High 

Tudor-Locke 
2004 [69] 

RCT; USA; 
n=60; Age: 52.7 
(SD 5.2); 
45% female; 
Duration: 16wks 

Walking (in 
steps/day; Yamax 
Digi-Walker 
SW200) 

I: Group meetings, pedometers, program manual, 
calendars, postcards. 
 
C: No intervention; waitlist.  

Short-term 
after 
1.8mths 

Sick Low 

Unick 2012 
[145] 

RCT; USA; 
n=29; Age: 42.3 
(SD 9.8); 
82% female; 
Duration: 26wks 

MVPA (in 
min/week; 
SenseWear) 

I: Body media FIT system (mobile tracker, 
website), group meetings, exercise and nutrition 
goals, paper diaries, feedback.  
 
C: Alternative intervention; group meetings, 
exercise and nutrition goals, paper diaries, 
feedback.   

- Sick Low 

Vallance 
2008 [70] 

RCT; Canada; 
n=377; Age: 58 
(SD -); 
100% female; 
Duration: 12wks 

MVPA (in 
min/week; 
GLTEQ) 

I: Pedometer, step calendar, PA guidebook (only 
half of participants), instruction to perform 30-min 
MVPA 5x per week. 
 
C: Combined; instruction to perform 30min 
MVPA 5x per week; or instructions plus PA 
guidebook.  

Short-term 
after 
6mths 

Sick High 

Vallance 
2016 [125] 

RCT; Canada; 
n=95; Age: 52.8 
(SD 9.8); 
100% female; 
Duration: 13wks 

Walking (in 
steps/day; 
StepsCount SC-
01); MVPA (in 
min/week; 
GLTEQ) 

I: Informational materials, pedometer, activity 
diary, goal setting. 
 
C: Minimal intervention; informational materials.  

- Sick High 
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  Study design, 
key sample 
demographics 

Outcome Intervention and control description Follow-up 
Measure-
ment 

Popu-
lation 
type 

Ease 
of 
Scala-
bility 

Van 
Blarigan 
2019 [126] 
 

RCT; USA; 
n=42; Age: 54 
(SD 11); 
58.5% female; 
Duration: 21wks 

Walking (in 
steps/day 
ActiGraph 
GTX3+); MVPA in 
min/day; 
ActiGraph GTX3+) 

I: Print materials on A after cancer, Fitbit Flex, 
daily text messages. 
 
C: Minimal intervention; print materials on PA 
after cancer.   

- Sick High 

Vandelanotte 
2018 [146] 

RCT; Australia; 
n=243; Age: 51.5 
(SD 11.1); 
74.9% female; 
Duration: 13wks 

MVPA & TPA (in 
min/week; AAS) 

I: Fitbit; Taylor Active web-based intervention, 
educational materials, goal setting, individualized 
feedback.  
 
C: Alternative intervention; TaylorActive web-
based intervention, educational materials, goal 
setting, individualized feedback.  

- At-risk High 

Van der 
Weegen 
2015 [71] 

Cluster-RCT; 
Netherlands; 
n=199; Age: 57.8 
(SD 7.7); 
51.2% female; 
Duration: 26wks 

MVPA (in 
min/day; Personal 
Activity Monitor 
AM300) 

I: It’s LiFe! smartphone and web-app, monitoring, 
self-management support program including 
feedback, booklet, and consultation sessions. 
 
C: Combined; self-management support program 
including feedback, booklet, and consultation 
sessions; or usual primary care.  

Short-term 
after 
3mths 

Sick Low 

Van Hoye 
2018 [72] 

RCT; Belgium; 
n=227; Age: 42.4 
(SD 10.4); 
17% female; 
Duration: 4wks 

Walking (in 
steps/day vs. 
baseline; 
SenseWear); 
MVPA (in min/day 
vs. baseline; 
SenseWear); TPA 
(in METs/day vs. 
baseline; 
SenseWear) 

I: Combined intervention group; 1/3rd pedometer 
& feedback, 1/3rd feedback on daily steps, daily 
minutes of MVPA and total daily EE in real-time 
from a SWA display; 1/3rd feedback on daily 
steps, daily minutes of MVPA and total daily EE 
in real-time from a SenseWear display plus 
weekly face-to-face coaching.  
 
C: Minimal intervention; information on the 
energy expenditure of familiar activities (e.g. 
housework, walking, cycling). 

Short-term 
after 
6mths, 
Long-term 
after 
12mths 

At-risk Low 

Warren 2014 
[127] 

RCT; United 
Kingdom; 
n=131; Age: 59.9 
(SD 9.3); 
33% female; 
Duration: 12wks 

Walking (in 
steps/day; New 
Lifestyles VL-800) 

I: Pedometer, informational booklet, PA advice by 
general practitioner to walk at least 1 mile a day, 
self-monitoring.  
 
C: Combined; informational booklet and sealed 
pedometer; or PA advice by general practitioner to 
walk at least 1 mile a day and sealed pedometer.   

- At-risk High 

Wijsman 
2013 [147] 

RCT; 
Netherlands; 
n=235; Age: 64.8 
(SD 2.9); 
41% female; 
Duration: 12wks 

MVPA (in 
min/day; 
GENEActiv) 

I: Web-based physical activity program 
(accelerometer and monitor, personal website and 
eCoach). 
 
C: No intervention; waitlist 

- At-risk Low 

Wyke 2019 
[77] 

RCT; England, 
Netherlands, 
Norway, 
Protugal; 
n=1113; Age: 
45.8 (SD 8.8); 
0% female; 
Duration: 12wks 

Walking (in 
steps/day; 
ActivPAL); TPA 
(in MET-
min/week; IPAQ-
SF) 

I: Educational materials, group coaching at soccer 
club, pocket-worn tracking device (SitFIT), game-
based app (MatchFIT).  
 
C: Minimal intervention; educational materials.  

Long-term 
after 
9.2mths 

At-risk Low 

Yamada 
2012 [128] 

RCT; Japan; 
n=87; Age: 75.6 
(SD 6.7); 
46% female; 
Duration: 26wks 

Walking (in 
steps/day; Yamax 
Power-Walker EX-
510) 

I: Pedometer, step log grid, feedback.  
 
C: No intervention.  

- At-risk High 

Yates 2017 
[78] 

Cluster-RCT; 
United Kingdom; 
n=808; Age: 63.1 
(SD 8.2); 
36.4% female; 
Duration: 
104wks 

Walking (in 
steps/day vs. 
baseline; 
ActiGraph GT3X); 
MVPA (in min/day 
vs. baseline; 
ActiGraph GT3X); 
TPA (in 1000 
counts/day vs. 
baseline; 
ActiGraph GT3X) 

I: Pedometer, action plan and step diary, yearly 
group sessions, telephone contact. 
 
C: Minimal intervention; informational booklet. 

Long-term 
after 
12mths 

At-risk Low 
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Abbreviations: RCT, randomized controlled trial; SD, standard deviation; MVPA, moderate to vigorous physical activity; TPA, total 
physical activity; EE, energy expenditure; PA, physical activity; GLTEQ, Godin Leisure-Time Exercise Questionnaire; IPAQ-L or IPAQ, 
International Physical Activity Questionnaire long-form; IPAQ-SF, International Physical Activity Questionnaire short-form; AAS, Active 
Australia Survey, PAR, 7-day Physical Activity Recall; CHAMPS, Community Health Activities Model Program for Seniors; SWET, Self-
report Walking and Exercise Tables; AWAS, Australian Women’s Activity Study; AHSPAQ, Auckland Heart Physical Activity 
Questionnaire; CDC, Center for Disease Control and Prevention; NHS, National Health Service; COPD, Chronic Obstructive Pulmonary 
Disease; MET, metabolic equivalent of task .  

Comments: At-risk group includes elderly, obese, and inactive populations; sick group includes populations that currently experienced or 
previously experienced illnesses such as diabetes, cancer, chronic obstructive pulmonary disease, coronary heart disease or others; High ease 
of scalability defined as the ability to scale-up an intervention without human resource requirement; short-term follow up includes follow 
ups performed ≤6mths after end of intervention; long-term follow-up defined as measurements taken >6mths after end of intervention. 
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Appendix 5: Funnel Plot Analysis to Detect Publication Bias 
Studies reporting Walking as outcome (N=77) 

 
No publication bias detected apart from outlier. 

Outlier was visually identified and marked in red: Barwais et al., 
2013[82]; Hultquist et al., 2013.[102] 

Studies reporting MVPA as outcome (N=62) 

 
No publication bias detected apart from outliers. 

Outliers were visually identified and marked in red: Mansi et al., 
2015.[54]  

Studies reporting Total Physical Activity as 
outcome (N=33) 

 
No publication bias detected apart from outlier. 

Outlier was visually identified and marked in red: Mansi et al., 
2015. [54] 

Studies reporting Energy Expenditure as outcome 
(N=5) 

 
No publication bias detected, small sample. 
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Appendix 6: Sensitivity Analysis 
Scenarios Outcome 

Measure 
Timepoint No. of 

studies 
SMD 95% CI P-value l2 P-value 

Baseline 
scenario 

Walking End of intervention 77 0.46 [0.36, 0.55] <.001 83% <.001 
Short-term follow-up (≤6 months) 19 0.26 [0.09, 0.42] .002 73% <.001 
Long-term follow-up (>6 months) 7 0.25 [0.10, 0.39] .001 68% .004 

MVPA End of intervention 62 0.28 [0.21, 0.35] <.001 62% <.001 
Short-term follow-up (≤6 months) 21 0.20 [0.05, 0.35] .008 72% <.001 
Long-term follow-up (>6 months) 7 0.19 [0.11, 0.27] <.001 0% .44 

TPA End of intervention 33 0.34 [0.20, 0.47] <.001 77% <.001 
Short-term follow-up (≤6 months) 9 0.53 [0.13, 0.93] .009 87% <.001 
Long-term follow-up (>6 months) 6 0.19 [-0.00, 0.38] .05 72% .003 

EE End of intervention 5 0.44 [0.13, 0.75] .05 60% .04 
Short-term follow-up (≤6 months) 1 0.52 [-0.10, 1.14] .10 n/aa n/aa 
Long-term follow-up (>6 months) 1 0.16 [-0.45, 0.77] .61 n/aa n/aa 

Without 
outlier 
studies 

Walking End of intervention 74 0.39 [0.30, 0.48] <.001 78% <.001 
Short-term follow-up (≤6 months) 18 0.18 [0.06, 0.31] .004 51% .008 
Long-term follow-up (>6 months) 7 0.25 [0.10, 0.39] .001 68% .004 

MVPA End of intervention 60 0.25 [0.19, 0.32] <.001 52% <.001 
Short-term follow-up (≤6 months) 20 0.12 [0.03, 0.22] .008 28% .12 
Long-term follow-up (>6 months) 7 0.19 [0.11, 0.27] <.001 0 .44 

TPA End of intervention 32 0.28 [0.17, 0.40] <.001 69% <.001 
Short-term follow-up (≤6 months) 8 0.26 [0.03, 0.50] .03 60% .01 
Long-term follow-up (>6 months) 6 0.19 [-0.00, 0.38] .05 72% .003 

EE End of intervention 5 0.44 [0.13, 0.75] .005 60% .04 
Short-term follow-up (≤6 months) 1 0.52 [-0.10, 1.14] .10 n/aa n/aa 
Long-term follow-up (>6 months) 1 0.16 [-0.45, 0.77] .61 n/aa n/aa 

Only low 
risk of bias 
studies 

Walking End of intervention 17 0.59 [0.37, 0.82] <.001 84% <.001 
Short-term follow-up (≤6 months) 4 0.58 [-0.04, 1.21] .07 87% <.001 
Long-term follow-up (>6 months) 2 0.38 [-0.33, 1.10] .29 79% .03 

MVPA End of intervention 15 0.51 [0.29, 0.72] <.001 83% <.001 
Short-term follow-up (≤6 months) 5 0.56 [-0.13, 1.25] .11 92% <.001 
Long-term follow-up (> 6 months) 2 0.12 [-0.04, 0.28] .13 0% .36 

TPA End of intervention 5 0.66 [0.10, 1.23] .02 91% <.001 
Short-term follow-up (≤6 months) 2 1.55 [-0.71, 3.81] .18 97% <.001 
Long-term follow-up (>6 months) 2 0.09 [-0.07, 0.25] .27 0% .93 

EE End of intervention 5 0.44 [0.13, 0.75] .005 60% .04 
Short-term follow-up (≤6 months) 1 0.52 [-0.10, 1.14] .10 n/aa n/aa 
Long-term follow-up (>6 months) 1 0.16 [-0.45, 0.77] .61 n/aa n/aa 

Only 
studies 
reporting  
long-term 
follow-ups 

Walking End of intervention 7 0.39 [0.19, 0.59] <.001 83% <.001 
Short-term follow-up (≤6 months) 1 0.35 [0.03, 0.67] .03 n/aa n/aa 
Long-term follow-up (>6 months) 7 0.25 [0.10, 0.39] .001 68% .004 

MVPA End of intervention 7 0.24 [0.08, 0.39] .003 55% .04 
Short-term follow-up (≤6 months) 2 0.29 [0.00, 0.57] .05 0% .50 
Long-term follow-up (>6 months) 7 0.19 [0.11, 0.27] <.001 0% .44 

TPA End of intervention 6 0.25 [0.09, 0.42] .003 61% .03 
Short-term follow-up (≤6 months) 1 0.26 [-0.06, 0.58] .11 n/aa n/aa 
Long-term follow-up (>6 months) 6 0.19 [-0.00, 0.38] .05 72% .003 

EE End of intervention 1 0.88 [0.25, 1.51] .006 n/aa n/aa 
Short-term follow-up (≤6 months) 1 0.52 [-0.10, 1.14] .10 n/aa n/aa 
Long-term follow-up (>6 months) 1 0.16 [-0.45, 0.77] .61 n/aa n/aa 

a In subgroups where n=1, heterogeneity cannot be calculated. 
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Appendix 7: Subgroup Analysis by Population Type 
Subgroup Analysis by Population Type for The Outcome Walking 
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Subgroup Analysis by Population Type for The Outcome Moderate-to-vigorous Physical Activity
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Subgroup Analysis by Population Type for The Outcome Total Physical Activity 
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Appendix 8: Subgroup Analysis by Intervention Design  
Subgroup Analysis by Intervention Design for The Outcome Walking 
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Subgroup Analysis by Intervention Design for The Outcome Moderate-to-vigorous Physical Activity 
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 Subgroup Analysis by Intervention Design For the Outcome Total Physical Activity 
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Appendix 9: Subgroup Analysis by Control Group Type 
Subgroup Analysis by Control Group Type for The Outcome Walking 
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Subgroup Analysis by Control Group Type for The Outcome Moderate-to-vigorous Physical Activity
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Subgroup Analysis by Control Group Type for the Outcome Total Physical Activity 
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Appendix 10: Study-specific Risk of Bias Judgments 
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Aittasalo 2006 [131] ● ● ● ● ● ● ● High Risk 
Aittasalo 2012 [41] ● ● ● ● ● ● ● High Risk 
Alsaleh 2016 [79] ● ● ● ● ● ● ● High Risk 
Ashton 2017 [80] ● ● ● ● ● ● ● Low Risk 
Baker 2008 [81] ● ● ● ● ● ● ● High Risk 
Barnes 2015 [42] ● ● ● ● ● ● ● Low Risk 
Barwais 2013 [82] ● ● ● ● ● ● ● Low Risk 
Bennett 2008 [155] ● ● ● ● ● ● ● Low Risk 
Butler 2004 [83] ● ● ● ● ● ● ● High Risk 
Cadmus-Bertram 2019 [84] ● ● ● ● ● ● ● Low Risk 
Carr 2013 [148] ● ● ● ● ● ● ● High Risk 
Coelho 2018 [43] ● ● ● ● ● ● ● High Risk 
Compernolle 2015 [85] ● ● ● ● ● ● ● High Risk 
Creel 2016 [86] ● ● ● ● ● ● ● High Risk 
Croteau 2004 [129] ● ● ● ● ● ● ● High Risk 
Croteau 2007 [130] ● ● ● ● ● ● ● High Risk 
Cruz 2016 [44] ● ● ● ● ● ● ● High Risk 
Dadaczynski 2017 [87] ● ● ● ● ● ● ● High Risk 
De Blok 2006 [88] ● ● ● ● ● ● ● High Risk 
De Greef 2010 [73] ● ● ● ● ● ● ● Low Risk 
De Greef 2011 [89] ● ● ● ● ● ● ● High Risk 
De Greef 2011 [74] ● ● ● ● ● ● ● High Risk 
Demeyer 2017 [90] ● ● ● ● ● ● ● High Risk 
Dishman 2009 [91] ● ● ● ● ● ● ● High Risk 
Dlugonski 2012 [45] ● ● ● ● ● ● ● High Risk 
Duru 2010 [92] ● ● ● ● ● ● ● High Risk 
Eakin 2014 [46] ● ● ● ● ● ● ● High Risk 
Edney 2020 [47] ● ● ● ● ● ● ● Low Risk 
Engel 2006 [93] ● ● ● ● ● ● ● High Risk 
Finkelstein 2016 [48] ● ● ● ● ● ● ● High Risk 
Fischer 2019 [132] ● ● ● ● ● ● ● High Risk 
Fjeldsoe 2010 [94] ● ● ● ● ● ● ● High Risk 
Fjeldsoe 2015 [49] ● ● ● ● ● ● ● High Risk 
Furber 2010 [50] ● ● ● ● ● ● ● Low Risk 
Gell 2015 [95] ● ● ● ● ● ● ● High Risk 
Gill 2019 [96] ● ● ● ● ● ● ● High Risk 
Glasgow 2012 [156] ● ● ● ● ● ● ● High Risk 
Glynn 2014 [97] ● ● ● ● ● ● ● Low Risk 
Golsteijn 2018 [133] ● ● ● ● ● ● ● High Risk 
Hardeman 2020 [98] ● ● ● ● ● ● ● Low Risk 
Harris 2018 [75] ● ● ● ● ● ● ● High Risk 
Hornikx 2015 [99] ● ● ● ● ● ● ● High Risk 
Hospes 2009 [100] ● ● ● ● ● ● ● High Risk 
Houle 2011 [101] ● ● ● ● ● ● ● High Risk 
Hultquist 2005 [102] ● ● ● ● ● ● ● High Risk 
Izawa 2012 [103] ● ● ● ● ● ● ● High Risk 
James 2015 [51] ● ● ● ● ● ● ● High Risk 
Kangasniemi 2015 [40] ● ● ● ● ● ● ● High Risk 
Katzmarzyk 2011 [104] ● ● ● ● ● ● ● High Risk 
Kawagoshi 2015 [105] ● ● ● ● ● ● ● High Risk 
Kendzor 2017 [134] ● ● ● ● ● ● ● High Risk 
Kernot 2019 [52] ● ● ● ● ● ● ● High Risk 
Keyserling 2008 [135] ● ● ● ● ● ● ● High Risk 
Kim 2018 [136] ● ● ● ● ● ● ● High Risk 
King 2008 [137] ● ● ● ● ● ● ● High Risk 
King 2013 [106] ● ● ● ● ● ● ● High Risk 
Koizumi 2009 [138] ● ● ● ● ● ● ● High Risk 
Kolt 2012 [76] ● ● ● ● ● ● ● High Risk 
Lane 2015 [149] ● ● ● ● ● ● ● High Risk 
Li 2017 [139] ● ● ● ● ● ● ● High Risk 
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Li 2020 [107] ● ● ● ● ● ● ● Low Risk 
Long 2013 [108] ● ● ● ● ● ● ● High Risk 
Lynch 2019 [109] ● ● ● ● ● ● ● Low Risk 
Lyons 2017 [110] ● ● ● ● ● ● ● High Risk 
Maher 2015 [53] ● ● ● ● ● ● ● Low Risk 
Mailey 2010 [150] ● ● ● ● ● ● ● High Risk 
Mansi 2015 [54] ● ● ● ● ● ● ● Low Risk 
Martin 2015 [111] ● ● ● ● ● ● ● High Risk 
Maselli 2019 [55] ● ● ● ● ● ● ● High Risk 
Maxwell-Smith 2019 [140] ● ● ● ● ● ● ● Low Risk 
Melville 2015 [112] ● ● ● ● ● ● ● High Risk 
Mendoza 2015 [113] ● ● ● ● ● ● ● Low Risk 
Merom 2007 [114] ● ● ● ● ● ● ● High Risk 
Motl 2011 [151] ● ● ● ● ● ● ● High Risk 
Müller 2016 [56] ● ● ● ● ● ● ● High Risk 
Murawski 2019 [57] ● ● ● ● ● ● ● High Risk 
Mutrie 2012 [58] ● ● ● ● ● ● ● Low Risk 
Nolan 2017 [59] ● ● ● ● ● ● ● High Risk 
Oliveira 2019 [60] ● ● ● ● ● ● ● High Risk 
Paul 2016 [115] ● ● ● ● ● ● ● High Risk 
Pekmezi 2017 [141] ● ● ● ● ● ● ● High Risk 
Pinto 2013 [61] ● ● ● ● ● ● ● High Risk 
Pinto 2015 [62] ● ● ● ● ● ● ● Low Risk 
Poirier 2016 [116] ● ● ● ● ● ● ● High Risk 
Pope 2018 [117] ● ● ● ● ● ● ● High Risk 
Prestwich 2009 [142] ● ● ● ● ● ● ● High Risk 
Prestwich 2010 [118] ● ● ● ● ● ● ● High Risk 
Reijonsaari 2012 [119] ● ● ● ● ● ● ● High Risk 
Ribeiro 2014 [63] ● ● ● ● ● ● ● High Risk 
Roos 2014 [120] ● ● ● ● ● ● ● High Risk 
Rowley 2019 [121] ● ● ● ● ● ● ● High Risk 
Samuels 2011 [143] ● ● ● ● ● ● ● High Risk 
Schwerdtfeger 2012 [154] ● ● ● ● ● ● ● High Risk 
Sharp 2016 [144] ● ● ● ● ● ● ● High Risk 
Simons 2018 [64] ● ● ● ● ● ● ● High Risk 
Spence 2009 [122] ● ● ● ● ● ● ● High Risk 
Stacey 2016 [65] ● ● ● ● ● ● ● High Risk 
Sugden 2008 [152] ● ● ● ● ● ● ● High Risk 
Suggs 2013 [66] ● ● ● ● ● ● ● High Risk 
Tabak 2014 [123] ● ● ● ● ● ● ● Low Risk 
Talbot 2003 [67] ● ● ● ● ● ● ● High Risk 
Ter Hoeve 2018 [68] ● ● ● ● ● ● ● High Risk 
Thorndike 2014 [124] ● ● ● ● ● ● ● Low Risk 
Thorsteinsen 2014 [153] ● ● ● ● ● ● ● High Risk 
Tudor-Locke 2004 [69] ● ● ● ● ● ● ● High Risk 
Unick 2012 [145] ● ● ● ● ● ● ● High Risk 
Vallance 2008 [70] ● ● ● ● ● ● ● High Risk 
Vallance 2016 [125] ● ● ● ● ● ● ● High Risk 
Van Blarigan 2019 [126] ● ● ● ● ● ● ● High Risk 
Vandelanotte 2018 [146] ● ● ● ● ● ● ● High Risk 
Van der Weegen 2015 [71] ● ● ● ● ● ● ● High Risk 
Van Hoye 2018 [72] ● ● ● ● ● ● ● High Risk 
Warren 2014 [127] ● ● ● ● ● ● ● High Risk 
Wijsman 2013 [147] ● ● ● ● ● ● ● Low Risk 
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Wyke 2019 [77] ● ● ● ● ● ● ● High Risk 
Yamada 2012 [128] ● ● ● ● ● ● ● Low Risk 
Yates 2017 [78] ● ● ● ● ● ● ● Low Risk 

 
Note: Table depicts risk of bias assessment per bias domain and an overall summary assessment.  Summary assessment ranked as high if one 
domain other than “Blinding of participants and personnel” is ranked high.  
●= low risk, ●= unclear risk, ●= high risk. 
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Abstract 

One in four consumers is insufficiently physically active, resulting in substantial 
health risks. Conventional activity tracking apps motivate consumers but can promote 
motivational crowding out. Gamification can help overcome these challenges. This 
paper presents two case studies and introduces a new motivational framework for 
gamification. 
 
Keywords: Gamification, mHealth, physical activity, crowding out, consumer 
motivation 
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Introduction 

Today, one in four consumers is insufficiently physically active (World Health 
Organization, 2018), resulting in substantial health risks. Insufficient physical activity 
(PA) increases the risk of chronic illnesses such as diabetes, cardiovascular diseases, 
and cancer (Lee et al., 2012).  

Activity tracking apps might help motivate consumers. Wearables and tracking 
apps have trended in recent years, with over 850 million sold to date (Statista, 2020). 
However, recent evidence has raised the question whether tracking apps can motivate 
consumers in the long term. A meta-analysis found no statistically significant effect of 
tracking apps on PA (Romeo et al., 2019). Surprisingly, when tracking apps were used 
for less than three months, they increased PA. However, in trials running for more than 
three months, no statistically significant increases were found (Romeo et al., 2019). In 
a series of experiments, Etkin (2016) found that wearable trackers promote motivational 
crowding out and theorized that activity trackers serve as an extrinsic incentive: They 
increase activity performance but decrease intrinsic walking motivation. This crowding 
out effect has also been documented in other fields (Koestner et al., 1999). Finally, a 
2014 survey showed that one in three consumers already stops using their activity 
tracker six months after purchase (Endeavour Partners, 2014).  

Could gamifying activity tracking apps help prevent motivational crowding out? 
This paper investigates how gamification promotes long-term motivation. Building on 
two case studies, it presents a motivational framework for gamification and makes 
various practical recommendations. 

Gamification and Motivation 

Gamification has been defined as “the use of game design elements in non-game 
contexts” (Deterding et al., 2011, p. 9). Central to gamification are game elements. 
While common in many games, such elements are not part of every game. No single 
game element creates gameful experiences. Only integrating multiple game elements 
establishes intrinsically motivating environments in non-game contexts (Deterding et 
al., 2011). Game elements have been manifoldly modelled, leading scholars to criticize 
the lack of conceptual consensus (Johnson et al., 2016). Reeves and Read (2009) laid 
the foundations for a gamification framework by publishing ten “ingredients” of great 
games that can be used in non-game contexts to create consumer engagement. Building 
on this publication, scholars have developed various concepts ranging from 7 to 19 game 
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elements (Hamari et al., 2014; Johnson et al., 2016; Lister et al., 2014). Some research 
has proposed classifying game elements into subgroups (Schlager et al., 2017). Figure 
1 summarizes existing conceptualizations. 
 
Figure 1: Existing Conceptual Framework for Gamification 

 
Source: Author’s illustration based on Hamari et al. (2014); Johnson et al. (2016); Lister et al. (2014); Reeves & Read (2009); Schlager et al. 
(2017) 

Impact of gamification on motivation 

Understanding whether gamification might drive long-term behavior change 
toward a more active lifestyle requires exploring its impact on consumer motivation. 
Using game elements in non-game contexts (e.g., fitness tracking) potentially makes 
these products more enjoyable and engaging (Flatla et al., 2011). Playing games is fun 
and absorbing. It may create flow, i.e., being fully involved in and adequately challenged 
by an activity (Csikszentmihalyi, 2000; Mathwick & Rigdon, 2004).  

Scholars differentiate two types of activity motivation: Consumers may be 
motivated to perform an activity either for its own sake (i.e., intrinsic motivation) or for 
an ulterior end (i.e., extrinsic motivation; cf. goal system theory, Kruglanski et al., 
2018). Gamification per se is associated with intrinsic motivation (Hamari et al., 2014). 
However, this approach falls short when multiple, very different game elements are 
employed in non-game contexts. Not all game elements promote intrinsic motivation. 
Some elements (e.g., rewards, points, and leaderboards) are extrinsic incentives and thus 
motivate users by providing ulterior consumption motives. Extrinsically motivating 
game elements do not gamify PA itself, instead, they gamify the means used to motivate 
PA and thus often occur only after the activity has been performed. Other elements, 
however, have the potential to motivate intrinsically, by making the activity itself more 
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enjoyable. Intrinsic activity motivation leads to more sustainable behavior change than 
extrinsically motivated behavior and is thus crucial in establishing long-term motivation 
(Teixeira et al., 2012). Building on self-determination theory, the satisfaction of three 
basic psychological needs can help explain how gamification promotes intrinsic 
motivation (Ryan & Deci, 2017): first, challenges support users’ striving for 
competence, which positively impacts intrinsic motivation. Levels within gamified 
applications help ensure that users are optimally challenged. Second, avatars enable 
customizing a virtual counterpart, while 3D environments promote exploration, with 
both elements satisfying users’ need for autonomy (Peng et al., 2012). Third, social 
connectivity may satisfy users’ need for relatedness and, thus, their intrinsic motivation.  

Motivational crowding out 

Motivational crowding out occurs when extrinsic incentives diminish intrinsic 
motivation over time (Etkin, 2016; Kruglanski et al., 1975). Extrinsically motivating 
game elements (e.g., points, leaderboards) may be perceived as controlling, thus 
diminishing users’ sense of autonomy. Also, competition may negatively impact 
intrinsic motivation by reducing users’ sense of competence if their performance is 
inferior to that of others (Ryan & Deci, 2017).  

The context in which extrinsic incentives are employed moderates their impact 
on intrinsic motivation (Kruglanski et al., 1975). If incentives are perceived as integral 
(i.e., blend with the activity itself), they do not evoke motivational crowding out. Within 
gamified activity tracking apps, points, leaderboards, and competition may be integral 
and hence prevent motivational crowding out (Kruglanski et al., 1975; Schlager et al., 
2017). 

Gamification in Activity Tracking Apps 

Existing research shows that over half of all health and fitness apps are gamified 
(Lister et al., 2014). A review of 132 health and fitness apps revealed that social or peer 
pressure was the game element used most (45.2%), followed by digital rewards (24.1%), 
competition (18.4%), and leaderboards (14.2%; Lister et al., 2014). A more recent 
review of 19 digital interventions in the health and wellness domain identified rewards 
(84.2%), leaderboards (31.6%), and avatars (31.6%) as the most common game 
elements (Johnson et al., 2016).   

These reviews reveal the broad variety of gamified tracking apps. There is no 
single way of gamifying trackers, merely countless possible combinations of game 
elements. The reviewers criticize the lack of theoretical grounding in how game 
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elements are selected. They also highlight that the most commonly used elements tend 
to be extrinsic motivators. This is surprising given the original goal of gamification to 
harness the motivational power of games to intrinsically encourage long-term behavior 
change (Deterding et al., 2011).  

Many studies have proven the short-term effectiveness of gamified applications 
in increasing PA (Hamari et al., 2014; Johnson et al., 2016; Thorsteinsen et al., 2014). 
However, the longer-term motivational impact of applications remains under-researched 
(Johnson et al., 2016; Schlager et al., 2017; Zuckerman & Gal-Oz, 2014). Some authors 
have questioned that gamification is motivating per se, claiming there is only “anecdotal 
evidence” for this effect (Schlager et al., 2017, p. 31). Others have found that gamified 
health applications often have no or even negative effects on cognitive constructs such 
as motivation (Johnson et al., 2016). Scholars consider the mismatch between the most 
common game elements (i.e., rewards, leaderboards, avatars) and their motivational 
power the main reason why some studies report negative user reactions to gamified apps.  

Research Objectives & Methodology 

The literature review revealed that most apps gamify post-activity feedback by 
employing extrinsically motivating game elements. However, existing research has 
evaluated apps as a single product without considering the various game elements used. 
Moreover, few studies have reviewed the long-term motivational impact of gamified 
tracking apps. Addressing these research gaps, this study presents two cases and seeks 
to answer two research questions:  

1. How can gamifying activity tracking apps motivate consumers in the long term? 

2. Which game elements should be used to promote long-term behavior change 

toward more active lifestyles? 

Zombies, Run! and Jump Jump Froggy 2 were selected for case studies. Both apps 
use intrinsically motivating game elements, were created by developers with a scientific 
background in motivation theory, and received positive media coverage (Howard, 
2016). The walkthrough method (Light et al., 2018) was used to develop the case 
studies. Telephone interviews with the app developers were conducted and relevant 
public documents (e.g., press releases, newspaper articles, websites) and consumer 
reviews (e.g., YouTube, App stores) were analyzed.  
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Findings  

Case study 1: Zombies, Run!  

Launched in 2012, Zombies, Run! has become the world’s most popular gamified 
activity tracking app with more than 5 million downloads and 200,000 active users (Six 
to Start & Naomi Alderman, 2020). The app leverages several game elements and aims 
to motivate users to run or walk more. Unlike conventional gamified trackers, Zombies, 
Run! gamifies the run itself by leveraging intrinsically motivating game elements 
instead of focusing solely on post-run rewards. Its most important game element is 
narrative context: Users assume the role of Runner 5, who has survived the zombie 
apocalypse. By running, users complete missions and receive important supplies which 
they can use after the run to build Abel Township, the last surviving town populated by 
humans. The storytelling uses audio (i.e., game element sound), so users need not look 
at the screen while running.  

CEO Adrian Hon describes Zombies, Run! as a combination of game, tracking 
app, and audio storytelling that transforms the experience of running. Long-term 
motivation is created by a captivating narrative context that makes consumers 
immediately want to take up the next mission. The more users run, the more missions 
(i.e., game element levels) they get to complete, thus creating the optimal challenge. In 
the storytelling context, users randomly encounter zombies and are asked to speed up 
(i.e., game elements time pressure and challenge). The app supports users’ sense of 
autonomy by offering various options: First, users can self-select how long their mission 
should be. The audio storytelling is then spaced across the run. Second, users can choose 
their music playlist or connect to music streaming services. The app also includes post-
run rewards; these, however, are deeply integrated into the narrative, preventing 
motivational crowding out. The rewards consist of supplies collected while running. 
After the run, users can use these supplies to develop Abel Township, a 3D environment 
on a separate tab of the tracking app (see figure 2). The app automatically tells 
consumers their average running pace and summarizes core statistics (pace, kilometers, 
steps). The app deliberately includes no competitive elements as the developers believe 
that leaderboards, direct competition, and ranks demotivate many users, particularly if 
they are not proficient runners. The app is designed to appeal to a broad audience: CEO 
Adrian Hon describes users as non-runners or occasional runners who would like to run 
more often than they currently do.  
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If you are like me and 
you don’t really care 
much for running or 
exercising in general, 
then Zombies, Run! is 
definitely for you. You 
come for the great story, 
stay for the endorphins!  
(Mack, app user) 
 

I enjoy running, but it 
gets boring. Having the 
motivation to go on 
longer runs, to get out 
every day and run is 
hard. With Zombies, 
Run! I want to get out 
there and run. The story 
is so compelling that I 
need to get out there and 
find out what happens 
next.  
(C587, app user) 
 

After a few months of 
bouncing around 
different workout styles I 
found this app and let me 
tell you it works 
wonders. As soon as I 
start to space out and get 
bored, the story comes 
on again and I’m able to 
focus on that and get 
excited for the next piece 
of the story.  
(Dogs_Luvr, app user) 
 

This running app has 
gotten me through more 
tough runs and long 
weeks than I can tell you. 
I wanted a fun way to 
start back to running - 
and now I am fully 
hooked. […] I am about 
a year in and still 
completely loving the 
app.  
(Yogi 2.0, app user) 
 

 
Evidence of the long-term motivational power of Zombies, Run! is manifold. A 

comparison of churn rates supports the long-term motivational power of Zombies, Run!: 
Over 50% of paying users stay with Zombies, Run! for more than a year, while research 
shows that regular activity tracking apps have a retention rate of just 6% 30 days after 
installment (Haslam, 2019). Also, over 200 missions have been taped since the launch, 
speaking to the need for ever new content for long-term users. Further, a randomized 
controlled trial confirmed that Zombies, Run! increases intrinsic motivation (Cowdery 
et al., 2015), consequently favoring long-term motivation.  
 

Figure 2: Zombies, Run! Overview 

 
Source: Six to Start & Naomi Alderman, Zombies, Run! Version 8.72 
 

Case study 2: Jump Jump Froggy 2 

Launched in 2014, Jump Jump Froggy 2 has been downloaded over 40,000 times. 
This app leverages multiple game elements and aims to motivate primary schoolchildren 
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to be physically active. It was created by Timothy Charoenying, a cognitive scientist 
and software developer. A former teacher, he noticed that young children lacked 
opportunities to be active at school. His observation reflects the fact that, globally, 80% 
of kids do not meet the WHO’s physical activity recommendations. Like Zombies, Run!, 
Jump Jump Froggy 2 also gamifies the activity instead of using post-activity game 
elements. Kids choose from different activity options (sit-ups or jumping). Next, they 
select their virtual avatar (among different types of frogs). Then tracking begins, and the 
children are asked to jump up and down to catch flies, to do sit-ups to move a snake 
around the phone screen, or to jump up and turn their body to collect fruits faster than 
an evil bee can catch them (i.e., game element narrative context). Fun music (i.e., game 
element sound) and an engaging comic-like 2D environment (figure 3) motivate the kids 
to perform the respective activity. To keep the app challenging, there are multiple game 
levels within each tracking option and task pace increases (i.e., game element time 
pressure). The app automatically recognizes movements through accelerometer data. 
Progress bars and points at the bottom of the screen inform the kids about their 
performance.  
 

I love that it gets my kids off the couch while still 
appealing to their love for video games  

(Sorrento76, app user)  

Love watching my 7- and 10-year-old son and 
daughter choosing to do actual sit-ups and push-ups! 

So much better than just exercising their thumbs!” 
(HTC2011, app user) 

 
Positive consumer reviews, highlighting how much fun and how engaging Jump 

Jump Froggy 2 is, attest to its intrinsic (long-term) activity motivation. Using the app in 
school contexts, Timothy Charoenying has observed high sustained student 
engagement. An analysis of consumer reviews also provides initial evidence for the 
long-term motivational power of the app. However, further quantitative evidence is 
needed to confirm the app’s lasting positive motivational impact.  
 
Figure 3: Jump, Jump Froggy 2 Overview 

 
Source: Human Factored Design LLC, Jump Jump Froggy 2 Version 2.12 
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A Motivational Framework for Gamification 

The case studies revealed the need for a more granular assessment of 
gamification. As the motivational impact of game elements varies, gamification should 
not be evaluated as a single, unified phenomenon but broken down into individual game 
elements. Some game elements, especially those that gamify an integral component of 
a service or product, motivate intrinsically by enhancing consumers’ sense of 
competence, autonomy, or relatedness; other elements motivate extrinsically, by 
providing a gamified ulterior end that motivates consumption. Building on the existing 
conceptual framework of gamification (figure 1), this paper proposes a new motivational 
framework for gamification (figure 4). 
 

Figure 4: Motivational framework for gamification 

 
Source: Author’s illustration based on case study analyses (Zombies, Run! and Jump Jump Froggy) and on Hamari et al., 2014; Johnson et al., 
2016; Lister et al., 2014; Reeves & Read, 2009; Schlager et al., 2017.  

 
The proposed framework distinguishes two types of game elements: those 

gamifying a core component of a product or service, and those that gamify an ulterior 
consumption motive. To promote long-term motivation, this novel framework suggests 
that tracking app developers should focus on gamifying the activity itself. In contrast, 
gamifying post-tracking feedback (i.e., ulterior motive to be active) provides only short-
term performance increases and potential motivational crowding out.  

The two case studies powerfully illustrate how extrinsically motivating game 
elements can be employed without diminishing intrinsic motivation. Zombies, Run! 
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enables users to collect rewards while running. Instead of traditional rewards (e.g., 
points or badges), runners gather construction materials or food items to build Abel 
Township after the run. Rewards, then, are not just an extrinsic incentive, but are 
meaningful within the game context and integral to the game. Thus, the framework 
suggests using extrinsically motivating game elements only if they are employed for 
gamifying the consumption experience and are meaningful within the game context. 

Discussion  

Prevalence of insufficient PA is high and involves substantial health risks. Recent 
evidence has called into question whether conventional activity tracking apps can 
motivate long-term behavior change and suggests that they may cause motivational 
crowding out. Although gamification is believed to help overcome these challenges, 
evidence of its motivational long-term impact is limited.  

Based on a literature review and two case studies, this paper proposes a new 
motivational framework for gamification. The framework provides guidance to app 
developers and public health officials on how best to gamify activity tracking apps to 
promote long-term motivation and behavior change. The framework suggests 
developers should focus on gamifying core components of the activity tracking process 
with intrinsically motivating game elements (e.g., sound, narrative context, and avatars). 
This marks a fundamental shift for leading tracking apps (e.g., Strava, Runtastic), which 
currently mostly rely on gamifying post-activity feedback with leaderboards, badges, 
and rewards.  

However, consumers might react differently to gamified activity tracking apps. 
The case studies show that moderately active consumers require intrinsically motivating 
game elements to drive behavior change. In contrast, highly active consumers – as 
currently targeted by Strava or Runtastic – possess high intrinsic motivation and thus 
might not require intrinsically motivating game elements. Thus, the findings provide 
initial evidence that companies might increase their consumer base by marketing 
intrinsically motivating gamified tracking solutions to moderately active consumers. 
The innovative fitness equipment company Peloton is an example of a firm which 
successfully markets to moderately active consumers by offering an intrinsically 
motivating, gamified bike.  

Further research is needed to test the new conceptual framework given the 
limitations of this study. The framework was developed based on a literature review and 
the limited evidence of two case studies on innovative activity tracking apps. The latter 
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were developed for English-speaking, high-income countries, limiting the 
generalizability of the findings. Future research should focus on validating the 
framework with quantitative evidence to further evaluate the long-term motivational 
power of gamified activity tracking apps. 
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Management Summary  

This article reviews gamification literature and presents two case studies on 
activity tracking apps to evaluate the motivational impact of gamification. It finds that 
most tracking apps gamify post-activity feedback with extrinsically motivating game 
elements (e.g., leaderboards, points, and rewards). The article presents a new 
motivational framework for gamification and concludes that the activity tracking 
process itself should be gamified (e.g., with narrative context, sound, levels and 
challenges) to motivate intrinsically and promote long-term motivation within inactive 
consumer groups.  

Main Propositions  

1. Gamifying activity tracking apps potentially motivates consumers to adopt more 

active lifestyles.  

2. Conventional gamified activity tracking apps mostly leverage extrinsically 

motivating game elements and focus on already active target groups. 

3. To create long-term motivation and to reach moderately active consumer groups, 

fitness apps should gamify the tracking experience itself. 

4. Assessing the various game elements employed and their motivational impact 

leads to a more differentiated evaluation of gamification. 

Lessons Learned 

1. Leading fitness apps should tap into the underserved but promising target group 

of insufficiently active consumers (>25% of the total population) by expanding 

their product offerings to include intrinsically motivating game elements such as 

narrative context, sound, and time pressure. 

2. Future research should take a more granular perspective when evaluating 

gamified applications and quantitatively validate the proposed motivational 

framework for gamification.  

3. Policymakers should leverage gamified fitness apps to address the growing 

physical activity crisis as such devices can potentially motivate long-term 

behavior change and reach large population groups.   
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Abstract  

Background: Insufficient physical activity and unhealthy diets are contributing 
to the rise in non-communicable diseases. Preventative mobile health (mHealth) 
interventions may enable reversing this trend, but present bias might reduce their 
effectiveness. Future-self avatar interventions have resulted in behavior change in 
related fields, yet evidence whether such interventions can change health behavior is 
lacking.  

Objective: Our primary objectives are to investigate the impact of a future-self 
avatar mHealth intervention on physical activity and food purchasing behavior, and to 
examine the feasibility of a novel automated nutrition tracking system. We also aim to 
understand how this intervention impacts related attitudinal and motivational constructs.  

Methods: We conducted a 12-week parallel randomized-controlled trial (RCT), 
followed by semi-structured interviews. German-speaking smartphone users aged ≥18 
years living in Switzerland, and using at least one of the two leading Swiss grocery 
loyalty cards, were recruited for the trial. Data were collected from November 2020 to 
April 2021. The intervention group received the FutureMe intervention—a physical 
activity and food purchase tracking mobile phone application that uses a future-self 
avatar as the primary interface and provides participants with personalized food basket 
analysis and shopping tips. The control group received a conventional, text- and graphic-
based primary interface intervention. We pioneered a novel system to track nutrition 
leveraging digital receipts from loyalty card data analyzing food purchases in a fully 
automated way. Data were consolidated in 4-week intervals and non-parametric tests 
were conducted to test for within- and between-group differences.  

Results: We recruited 167 participants; 95 eligible participants were randomized 
into either the intervention (n=42) or control group (n=53). The median age was 44.00 
years (IQR 19.00), and the gender ratio was balanced (female 52/95, 55%). Attrition 
was unexpectedly high with only 30 participants completing the intervention, negatively 
impacting the statistical power of our study. The FutureMe intervention led to 
directional, small increases in physical activity (median +242 steps/day) and to 
directional improvements in the nutritional quality of food purchases (median –1.28 
British Food Standards Agency Nutrient Profiling System Dietary Index points) at the 
end of the intervention. Intrinsic motivation significantly increased (P=.03) in the 
FutureMe group, but decreased in the control group. Outcome expectancy directionally 
increased for the FutureMe group, but decreased for the control group. Leveraging 
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loyalty card data to track the nutritional quality of food purchases was found to be a 
feasible and an accepted fully automated nutrition tracking system. 

Conclusions: Preventative future-self avatar mHealth interventions promise to 
encourage improvements in physical activity and food purchasing behavior in healthy 
population groups. A full-powered RCT is needed to confirm this preliminary evidence 
and to investigate how future-self avatars might be modified to reduce attrition, 
overcome present bias, and promote sustainable behavior change. 

 
Keywords: mHealth, preventative medicine, avatar, present bias, nutrition tracking, 
physical activity, randomized controlled trial.  
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Introduction  

Non-Communicable Diseases and Risk Factors 

Non-communicable diseases (NCDs) are today’s leading cause of death. They 
are responsible for over half of the years lived in disability and drive 59-80% of total 
health care costs in affluent, developed countries like New Zealand or Switzerland [1–
3]. Among others, insufficient physical activity and an unhealthy, sodium-rich diet are 
recognized as key risk factors for NCDs by the World Health Organization (WHO) [4]. 
Increased salt consumption has been shown to increase blood pressure, while sodium-
rich, low-fruit and low-whole-grain diets may increase the risk of death from 
cardiovascular diseases, cancer, and diabetes [5–7]. Insufficient physical activity has 
been linked to an increased risk of cancer, cardiovascular diseases, diabetes, dementia, 
and depression [8–11].  

To combat the rise in NCDs, the WHO has released a global action plan providing 
clear recommendation on the required physical activity levels and maximum salt 
consumption [4]. However, the latest studies show that globally, 28% of adults do not 
meet the WHO’s physical activity guidelines [12]. Moreover, salt intake was 
approximately twice the recommended amount in 2010 [13], and has not improved 
significantly since [14].  

Physical Activity and Salt Reduction mHealth Interventions 

Wide-scale prevention programs are needed to make significant improvements 
toward realizing the WHO’s NCD action plan. Mobile health (mHealth) interventions 
can make an important contribution toward efficiently reaching the wider population. 
While numerous physical activity mHealth interventions have proven effective in a wide 
range of populations [15–18], their effectiveness in decreasing salt consumption is less 
clear [19]. Preliminary results suggest that while mHealth interventions might lower 
participants’ salt consumption by raising awareness, the quality of the evidence gathered 
in such studies is very low. Scholars have also criticized the lack of rigorous research 
designs [19].  In addition, mHealth nutrition interventions, such as those aiming to 
reduce sodium intake, regularly experience low user adoption and high attrition [20–
22].  

A review of commercially available nutrition-tracking mHealth application 
shows that most such interventions rely on manual or semi-automated tracking 
technologies [23], and require significant time investment from users, favoring 
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underreporting [24] and high attrition rates as a result. There is a lack of studies 
employing improved technological means such as automated digital receipt processing 
[25,26], image analysis, or sensor-based tracking. Thus, there is a need for high-quality 
research that evaluates automated tracking systems in rigorous research settings [23,27]. 

Challenges of Preventative mHealth Programs  

Preventative mHealth interventions (ie, mHealth interventions targeting healthy 
population groups) have shown to be less effective than curative mHealth interventions 
(ie, mHealth interventions targeting sick or at-risk population groups) [15,18]. The 
reasons behind this moderating effect are manifold and remain little explored. The 
Health Action Process Approach (HAPA) is a widely used and validated theoretical 
framework that can serve as a starting point for explaining differences in intervention 
effectiveness [28]. According to the associated model, health behavior change is best 
described as a two-phase process consisting of a pre-intentional motivational phase and 
a post-intentional volitional phase [28]. Within the first phase, risk awareness (ie, the 
awareness that one’s behavior may cause a health risk), positive outcome expectancies 
(ie, the belief that a change in behavior will lead to reduced health risk), and action self-
efficacy (ie, the belief in one’s ability to perform preventative health behavior) are 
fundamental for intention formation [28].  

However, present bias may cause low risk awareness and decrease positive 
outcome expectancies in healthy population groups and thus limit the effectiveness of 
preventative mHealth interventions [29]. Present bias describes a situation where people 
take sub-optimal decisions as they over-discount future gains [29–32]. When facing 
preventative health decisions, consumers are asked to make unpleasant behavior 
changes today (ie, eating more vegetables instead of meat, exercising instead of 
watching movies), while the benefits of their behavior occur in the future (ie, better 
future health, longer life expectancy). In reverse, the negative consequences of a risky 
lifestyle are not immediately evident but only occur with a time lag, hindering the 
formation of positive outcome expectancies (ie, low symptom salience) [33].  

Future-Self Avatars to Overcome Present Bias and Increase Risk Awareness 

Existing research argues that immediate monetary incentives can help overcome 
present bias in health decision making and improve adaptation of preventative mHealth 
interventions [34–36]. However, extrinsic monetary incentives might lead to 
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motivational crowding out and diminish intrinsic motivation for behavior change over 
time [37,38].  

Alternative strategies to overcome present bias and to increase risk awareness 
have been developed in related fields, such as pension planning [31] and taxation [39]. 
One little-explored possible solution are future-self avatars (ie, avatars that confront 
users with an aged version of themselves). Such avatars have been shown to increase 
users’ tendency to accept later gains over immediate ones [31]. Evidence on the impact 
of avatars on health decision making is still scarce but preliminary results indicate that 
avatars can be leveraged to increase physical activity in obese populations [40], to 
promote smoking cessation in young adults [41], to reduce sodium intake [42], and to 
help manage depression [43]. To date, however, no study has investigated the impact of 
a preventative future-self avatar mHealth intervention in a randomized controlled trial 
(RCT) setting.  

Objectives 

Accordingly, the primary aim of this study is twofold: first, to understand the 
impact of a preventative future-self avatar mHealth intervention on physical activity and 
on the nutritional quality of food purchases; second, to test the acceptability of a fully-
automated nutrition tracking system leveraging grocery receipts in an RCT. Our 
secondary aim is to understand the impact of a future-self avatar preventative mHealth 
intervention on motivational and recovery self-efficacy, outcome expectancy, and types 
of motivation. 

Methods 

Study Design 

We conducted our study in cooperation with a large Swiss health insurance 
company that facilitated participant recruitment. A 12-week parallel RCT design was 
employed, followed by semi-structured interviews with a selection of 15 participants 
who completed the trial. Recruitment began in November 2020 and ended in December 
2020. Data were collected from November 2020 to April 2021. Potential participants 
were contacted via the insurance company’s email newsletter and informed about the 
study, eligibility criteria, and data privacy policies. Additionally, social media networks 
were leveraged to recruit trial participants. Potential participants received a direct link 
to the iOS or Android app store where they could download the app-based intervention. 
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After downloading the mobile app, answering a survey on eligibility criteria, and 
consenting to the data privacy statement, participants were randomized into an 
intervention or a control group (1:1 ratio) via a random allocation algorithm 
programmed into the app. Participants did not receive any information about the 
existence of two different app versions (intervention and control).  

Apart from the in-depth interviews, data collection was fully-automated, thus 
preventing reporting, detection, and performance bias. The semi-structured interviews 
were conducted by trained researchers who were neither the primary researchers nor the 
authors of this study. Selection of interview participants was blinded, meaning that 
interviewers had no knowledge of the interviewees’ group allocation nor the outcome 
data collected in the RCT. The trial has been registered on ClinicalTrials.gov 
(NCT04505124), and the study is reported in accordance with the CONSORT guidelines 
[44].  

Study Population 

Eligible participants were smartphone users aged ≥ 18 years, living in 
Switzerland, and German-speaking. Participants had to be participating in at least one 
of the two leading grocery loyalty card programs in Switzerland. They were asked to 
confirm that they had no medical condition that prevented increased levels of physical 
activity or changes in daily nutrition.  

FutureMe Intervention 

The FutureMe app aims to promote the overall nutritional quality of participants’ 
food purchases, and to encourage increases in physical activity to ≥7,500 steps per day, 
based on prior findings that health benefits can be achieved at this level [45–47]. 
Participants allocated to the FutureMe intervention received the FutureMe app. This 
comprised a future-self avatar, a dashboard displaying the number of daily steps and the 
nutritional quality of food purchases, a personalized basket analysis showing food 
categories with the highest improvement potentials, and personalized product 
recommendations of healthier product alternatives within the food categories purchased 
by the participant (Figure 1).  

Product recommendations were meant to help users make healthier choices by 
substituting frequently consumed and rather unhealthy food items with alternatives of 
higher nutritional quality, without requiring users to modify the structure of their diets. 
All app components were updated daily, ensuring that participants received the most 
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recent data. The intervention was fully automated and required no human-to-human 
interaction, making it highly scalable, tailored, and cost-effective [15].  

 
Figure 1: Overview of The FutureMe and Control Intervention Mobile Application 

 

Future-self Avatar 

The future-self avatar was designed based on the HAPA behavior change model 
and encouraging findings of a prior pilot study by Fuchs et al [42]. The future-self avatar 
aims to increase participants’ awareness of the future health consequences of their 
current nutritional and activity behaviors in a fun and engaging way (cf, risk perception, 
outcome expectancy, and self-efficacy [28]). It thus seeks to minimize the negative 
impact of present bias [31].  

Participants could personalize their avatar during the sign-up process to ensure 
that the avatar best resembled themselves, in order to increase personal relevance and to 
positively impact health behavior change [48]. The avatar was depicted using a cartoon-
style, unanimated 2D design to avoid feelings of eeriness and repulsion as described by 
the uncanny valley effect [49]. When first opening the app, participants were exposed 
to an aging simulation in which their avatar aged +20 years compared to their current 
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age. The future-self avatar had 5 features that consumers could affect with their food 
purchases and physical activity behavior, with each feature having 5 different states (see 
Table 1 and Figure 2). 
   
Table 1: System Rules Defining the Feature States of The Future-self Avatar 
Feature Behavioral Influencer Weighting Calculation Scheme Unit 
Fitness State Physical Activity 100% Average past 7 days Steps/day 
Heart Health Sodium 50% Average past 12 baskets FSA-NPS-DI 

pointsa   Saturated fatty acids 50% Average past 12 baskets 
Mental Well-
being Fruit & Vegetable 50% Average past 12 baskets 

FSA-NPS-DI 
pointsa 

 Fiber 50% Average past 12 baskets 
Bone Health Proteins 100% Average past 12 baskets FSA-NPS-DI 

pointsa 
Blood Sugar Sugars 100% Average past 12 baskets FSA-NPS-DI 

pointsa 
a British Food Standards Agency Nutrient Profiling System Dietary Index points (FSA-NPS-DI points) [50]. 
 

Figure 2: Avatar Feature States 

 
 

The 5 features were clickable. If clicked, a pop-up screen opened, providing users 
with consequential health feedback and how their individual past behavior had impacted 
the feature. Participants were provided with an encouraging message to improve the 
respective health behavior (eg, Feature Fitness State “You were very active last week 
and took an average 11,702 steps/day! Physical activity improves your heart health, 
strengthens your bones, and also benefits your mental well-being! Well done, next week 
you can do even more”; Figure 3).   



Article III 

125 

 

Figure 3: Overview of Avatar Features 

 

Fully Automated Nutrition and Physical Activity Tracking 

Nutrition and physical activity tracking within the FutureMe intervention app 
pioneered a novel and fully automated tracking system. Food purchases recorded via 
loyalty cards were used as a proxy for nutrition, as South African studies leveraging 
credit card data have shown this to be a promising method for changing everyday health 
behavior [25,26]. We gathered food purchase data using the loyalty cards from 
Switzerland’s two leading grocery retailers. Data were analyzed using a comprehensive 
product database comprising over 55,000 products and their nutritional information. 
Participants were requested to connect their loyalty cards once while signing up. Step 
data were collected by the accelerometer on participants’ mobile phone.   

Control Intervention 

Apart from the future-self avatar, the control intervention was identical to the 
FutureMe intervention (see Figure 1). Instead of the future-self avatar, the control app 
used a more traditional text- and graphics-based interface to provide consequential 
health feedback to participants (see Figure 1). The control intervention used the same 
automated data tracking system as the FutureMe intervention.  

Outcomes and Measurement 

Demographic information as well as attitudinal and motivational constructs were 
collected at baseline (T0), and after completing the 12-week intervention (T3), using an 
online survey that was programmed into the mHealth app. Step and food purchase data 
were collected at baseline (T0) and continuously throughout the 12-week intervention 
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period using the fully automated tracking system previously described. At baseline, we 
collected steps per day for the past 6 days prior to sign-up and for all grocery baskets of 
the past 2 years that were registered on the loyalty cards. User engagement was recorded 
continuously for 12 weeks after completing the sign-up process. Continuously collected 
data were aggregated into three 4-week periods (T1, T2, T3). Qualitative data were 
collected from a group of randomly selected participants in semi-structured video 
interviews after the 12-week intervention period (T3). 

 
The primary outcomes were as follows: 
 
1. Physical activity (in steps/day) was measured objectively to avoid reporting 

biases [51].  Step information was collected through the built-in accelerometer in 

iOS or Android mobile phones as these devices are widely owned and require no 

additional investment [52], and thus offer a scalable solution to track physical 

activity. Mobile phones have been shown to reliably measure steps if carried 

continuously by participants, and when steps are taken at modest to fast pace [52–

54]. 

2. The nutritional quality of food purchases was measured based on the British Food 

Standards Agency Nutrient Profiling System [50,55] (in FSA-NPS-DI points; –

15 most healthy to +40 least healthy) [56]. Nutritional quality was calculated by 

separating solid foods and beverages, in accordance with the calculation method 

suggested by Julia et al [57]. We only report results for solid foods. 

The secondary outcomes were the nutritional sub-categories comprising the Nutri-Score 
framework (Outcomes 3-8) [58], user engagement (Outcome 9), and attitudinal and 
motivational constructs (Outcomes 10-14):  
 
1. Sugars, excluding fructose and lactose, in grams (g) per 100g food purchases (in 

FSA-NPS-DI points; 0 most healthy to +10 least healthy).  

2. Saturated fatty acids in g per 100g food purchases (in FSA-NPS-DI points; 0 

most healthy to +10 least healthy).  

3. Sodium in mg per 100g food purchases (in FSA-NPS-DI points; 0 most healthy 

to +10 least healthy).  
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4. Fruit, vegetables, legumes, and nuts in % per 100g food purchases (in FSA-NPS-

DI points; 0 least healthy to +5 most healthy).   

5. Fibers in g per 100g food purchases (in FSA-NPS-DI points; 0 least healthy to 

+5 most healthy).   

6. Proteins in g per 100g food purchases (in FSA-NPS-DI points; 0 least healthy to 

+5 most healthy).  

7. User engagement (in app logins/week).  

8. Motivational self-efficacy, measured with an adjusted four-item scale adopted 

from Schwarzer et al [59] on a 7-point Likert scale (1 completely disagree to 7 

completely agree). The scale measured participants’ confidence in their 

capability to be physically active and shop healthily in general (eg, “In my 

everyday life, I know how to shop healthily,” Appendix 1). Internal consistency 

was Cronbach’s α=.728. 

9. Recovery self-efficacy, measured with an adjusted two-item scale adopted from 

Schwarzer et al [59] on a 7-point Likert scale (1 completely disagree to 7 

completely agree). The scale measured participants’ confidence in their 

capability to be physically active and shop healthily after a setback (eg, “After 

my vacation, I’m sure that I’ll go back to balanced shopping, even if I have to get 

used to it again,” Appendix 1). Internal consistency was Cronbach’s α=.652. 

10. Outcome expectancy, measured with an adjusted six-item outcome expectancy 

scale adopted from Renner and Schwarzer [60] on a 7-point Likert scale (1 

completely disagree to 7 completely agree) that measured participants’ 

expectations about how their present behavior will impact their future health (eg, 

“I believe that I can positively influence my health in old age with my current 

exercise and shopping behavior,” Appendix 1).  Internal consistency was 

Cronbach’s α=.934. 

11. Intrinsic motivation, measured with an adjusted three-item autonomous 

motivation scale adopted from Williams et al [61] on a 7-point Likert scale (1 

completely disagree to 7 completely agree). The scale measured the degree to 

which participants were intrinsically motivated to be physically active and shop 
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healthily (eg, “I exercise and shop healthily because I personally believe it’s best 

for my health,” Appendix 1). Internal consistency was Cronbach’s α=.838. 

12. Extrinsic motivation, measured with an adjusted three-item controlled motivation 

scale adopted from Williams et al [61] on a 7-point Likert scale (1 completely 

disagree to 7 completely agree). The scale measured the degree to which 

participants were extrinsically motivated to be physically active and shop 

healthily (eg, “I exercise and shop healthily because I want to see positive metrics 

on my activity tracker and health app,” Appendix 1). Internal consistency was 

Cronbach’s α=.690. 

In addition to the quantitative outcomes, we collected qualitative data in 15 semi-
structured video interviews. Data were gathered on app usefulness and ease of use as 
these factors have been shown to impact technology acceptance [62]. Furthermore, data 
were collected on the relationship that participants formed with the avatar and on areas 
for improving the FutureMe intervention in order to guide future research.  

Sample Size 

No other studies have so far compared a future-self avatar interface with a more 
conventional self-monitoring interface regarding their ability to motivate both physical 
activity increases and nutrition improvements in a healthy population sample. Given the 
limited availability of mHealth studies reporting Nutri-Score improvements based on 
shopping data, we focused on results from comparable mHealth physical activity studies 
to calculate sample size.  

A systematic review of mHealth physical activity interventions found the step 
increase at the end of the intervention in a mixed population sample at 1566 steps [15] 
compared to both active and passive control groups. Baseline activity measurements for 
healthy population samples have been reported as ranging from 6745 to 6994 (2422 to 
2620 SD) steps/day [63,64]. Using an α of 0.05 with a power of 80%, we estimated the 
minimum sample size for our trial to be 74-88 participants [65]. Dropout rates in 
mHealth studies vary significantly, depending on intervention duration and intervention 
components. A comparable 12-week mHealth physical activity study using scalable 
intervention components without human-to-human interaction reported a dropout-rate 
of 22.4% [66]. Anticipating a 20% dropout rate, we inflated the sample size to 100.  
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Statistical Analysis  

Nonparametric tests were conducted to examine intervention effects. A Wilcoxon 
signed-rank test was used to compare the outcome variables before and after the 
intervention to test for within-group effects. To test for between-group differences 
between the FutureMe and the control group, we conducted Mann-Whitney-U tests or 
Pearson Chi-Square tests. The level of significance was .05. Analyses were performed 
with SPSS Statistics 27 and Python 3.8.5. 

Continuously measured data (physical activity, nutritional quality of food 
purchases, nutritional sub-categories, and user engagement) were analyzed in 4-week 
periods with T1 representing the mean value summarizing weeks 1-4, T2 summarizing 
weeks 5-8, and T3 summarizing weeks 9-12. Baseline values (T0) were also 
summarized depending on the outcome variable and data availability. For physical 
activity, T0 represents the mean steps per day of the 6 days prior to trial commencement. 
For the nutritional quality of food purchases and the nutritional sub-categories, T0 
represents all foods purchased within 4 weeks prior to trial commencement.  

Sensitivity analysis was conducted for demographic variables and primary 
outcomes to test for randomness of missing data and attrition bias [67,68]. Missing data 
were not replaced given the limitations of imputation methods in samples with high 
attrition where data are missing at random [67]. To test for intervention effects and 
statistical differences, we used complete case analysis.  

Qualitative Data Analysis 

All 15 semi-structured video interviews were audio-recorded, fully transcribed, 
coded, and analyzed following the principles of thematic content analysis [69]. 
Additionally, demographic information on all 15 interview candidates was 
quantitatively summarized. 

Ethics 

Participants gave their electronic informed consent to participate in the study 
prior to commencement. The Ethics Committee of the University of St.Gallen approved 
the protocol, recruitment strategies, and data privacy policies of this study (HSG-EC-
2020-06-12-A). 
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Results 

Demographic Data and Baseline Characteristics 

As shown in the CONSORT flow chart (Figure 4), 167 participants downloaded 
the FutureMe/Control application from November 11 to December 15, 2020. Seventy-
two participants were excluded as they did not meet the inclusion criteria. Ninety-five 
participants were randomized to either the FutureMe intervention (n=42) or the control 
intervention (n=53).  
 
Figure 4: Consort Flow Chart 
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One participant in the intervention group and two participants in the control group 
were lost as they were unable to connect their mobile phone accelerometer to the 
intervention/control application. Fifteen participants in the intervention group and 13 
participants in the control group were lost as they were unable to connect their loyalty 
cards to the FutureMe app. We saw unexpectedly high attrition during the 12-week 
intervention period (68.42%, n=95), with only 13 participants of the intervention group 
and 18 participants of the control group using the app during the last 4 weeks of the trial.  
As shown in Table 2, the median age of participants was 44 years (IQR 19.00). The 
gender ratio was balanced with 55% female participants (52/95). Median household size 
was 2 (IQR 2.00) and most participants had normal body weight (59%, 56/95). The 
majority of participants were recruited into the trial through the online panel of a Swiss 
health insurance company (80%, 76/95). No baseline differences existed between the 
intervention and the control group in regard to demographic data.  
 
Table 2: Demographic Data at Baseline 

 
 
At baseline, the median steps per day were 4624.00 (IQR 4497.79), that is, 

roughly half the number of steps per day compared to a representative Swiss sample 
[70]. The median nutritional quality of food purchases was 6.13 FSA-NPS-DI points 
(IQR 4.02), which is in line with the values reported in a large-scale study [71]. Food 
purchases were low-sugar (median 0.88 FSA-NPS-DI points (IQR 1.20)) and contained 

Demographic data Total population (N=95) Intervention group (n=42) Control group (n=53) P Value

Gender, n (%) .997b

Male 43 (45%) 19 (45%) 24 (45%)
Female 52 (55%) 23 (55%) 29 (55%)

Age in years, median (IQR) 44.00 (19.00) 47.00 (15.00) 42.00 (25.00) .46c

BMIa, n (%) .96b

>30 11 (12%) 5 (12%) 6 (11%)
25 - 30 28 (29%) 12 (29%) 16 (30%)
<25 56 (59%) 25 (60%) 31 (58%)

HH Size, median (IQR) 2.00 (2.00) 2.00 (2.00) 3.00 (2.00) .61c

Recruiting source, n (%) .50b

Helsana 76 (80%) 33 (79%) 43 (81%)
University 5 (5%) 1 (2%) 4 (8%)
Social Media 6 (6%) 3 (7%) 3 (6%)
Other 8 (8%) 5 (12%) 3 (6%)
aBMI: Body Mass Index
b Pearson Chi-Square test was performed to detect statistical differences.
c Mann-Whitney U Test was performed to detect statistical differences.
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moderate amounts of saturated fatty acids (median 3.01 FSA-NPS-DI points (IQR 
1.66)), sodium (median 2.50 FSA-NPS-DI points (IQR 1.40)), and protein (median 3.16 
FSA-NPS-DI points (IQR 0.93)). The share of fruits, vegetables, legumes, nuts, and 
fibers was rather low with a median of 0.30 (IQR 0.48) and 1.53 FSA-NPS-DI points 
(IQR 0.77), respectively.  

No baseline differences were found between the intervention and control groups 
in regard to physical activity or the total nutritional quality of food purchases. 
Participants in the FutureMe intervention had significantly higher amounts of saturated 
fatty acids in their food purchases (P=.03) than the control group. Overall, participants 
showed high levels of motivational and recovery self-efficacy (median 6.0 (IQR 1.25); 
median 6.0 (IQR 1.50)), as well as outcome expectancy (median 6.2 (IQR 1.60)). 
Participants in the intervention group scored significantly higher on recovery self-
efficacy than those in the control group (P=.03). Participants exhibited high intrinsic 
motivation to live a healthy lifestyle (median 6.0 (IQR 1.33)) and were less extrinsically 
motivated (median 3.0 (IQR 2.33)). Baseline characteristics in regard to all outcomes 
are presented in Table 3.  
 
Table 3: Primary and Secondary Outcomes at Baseline 

 

Primary and secondary outcomes Total population n Intervention group n Control group n P  Valuee

Physical activity, median (IQR)
Walking (in steps/day) 4624.00 (4497.79) 92 4314.83 (3620.33) 41 5084.83 (5220.33) 51 .53

Nutritional quality of food purchases, median (IQR)
Total Nutritional quality (in FSA-NPS-DI points)a 6.13 (4.02) 67 6.73 (5.03) 27 5.83 (4.11) 40 .14

Nutritional sub-categories, median (IQR)
Sugars (in FSA-NPS-DI points)b 0.88 (1.20) 67 0.83 (1.08) 27 0.91 (1.31) 40 .73
Saturated fatty acids (in FSA-NPS-DI points)b 3.01 (1.66) 67 3.82 (2.83) 27 2.93 (1.37) 40 .03
Sodium (in FSA-NPS-DI points)b 2.50 (1.40) 67 2.77 (1.56) 27 2.42 (1.37) 40 .42
Fruit, vegetables, legumes and nuts (in FSA-NPS-DI points)c 0.30 (0.48) 67 0.28 (0.53) 27 0.31 (0.47) 40 .64
Fibers (in FSA-NPS-DI points)c 1.53 (0.77) 67 1.49 (0.70) 27 1.56 (0.83) 40 .85
Protein (in FSA-NPS-DI points)c 3.16 (0.93) 67 3.20 (0.70) 27 3.15(1.03) 40 .31

Attitudinal and motiational constructs, median (IQR)
Motivational self-efficacyd 6.00 (1.25) 95 6.00 (1.31) 42 6.00 (1.50) 53 .65
Recovery self-efficacyd 6.00 (1.50) 95 6.00 (1.50) 42 6.00 (1.50) 53 .03
Outcome expectancyd 6.20 (1.60) 95 6.10 (1.65) 42 6.20 (1.60) 53 .31
Intrinsic motivationd 6.00 (1.33) 95 5.83 (1.75) 42 6.00 (1.50) 53 .13
Extrinsic motivationd 3.00 (2.33) 95 2.67 (2.00) 42 3.33 (2.00) 53 .65
a FSA-NPS-DI point scale: -15 most healthy to +40 least healthy.
b FSA-NPS-DI point scale: 0 most healthy to +10 least healthy.
c FSA-NPS-DI point scale: 0 least healthy to +5 most healthy.
d Likert scale: 1 completely disagree to 7 completely agree.
e Mann-Whitney U test was performed to detect statistical differences.
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Physical Activity 

As shown in Table 4, participants of both groups increased their physical activity 
levels within the first 4 weeks of the intervention (FutureMe T1 median 4577.85 
steps/day (IQR 4620.26); Control T1 median 5361.50 steps/day (IQR 5960.88)). 
Participants in the intervention group consistently increased their physical activity over 
the course of the intervention from median 4314.81 steps/day (IQR 3620.33) at baseline 
to median 6042.31 steps/day (IQR 6242.31) at T2, and to median 4556.94 (IQR 
5226.94) at the end of intervention. In contrast, in the control group, the number of steps 
per day decreased after a short-term increase in T1, from median 5084.83 (IQR 5220.33) 
steps/day at baseline to median 2909.32 steps/day (IQR 5128.09) at T2 and to median 
4821.64 steps/day (IQR 5228.79) at the end of the intervention. However, for both 
groups, the changes in the number of steps over the course of the intervention were not 
statistically significant. Nor were any significant differences in steps/day evident 
between the intervention and control groups (Table 5).  

Nutritional Quality of Food Purchases 

Participants in both groups improved the nutritional quality of their food 
purchases over the course of the intervention (Table 4), albeit insignificantly. 
Participants in the intervention group shopped less healthily within the first 4 weeks of 
the intervention (median 6.79 FSA-NPS-DI points (IQR 3.67)) compared to the baseline 
(median 6.73 FSA-NPS-DI points (IQR 5.03)). However, they improved their shopping 
behavior in T2 (median 6.14 FSA-NPS-DI points (IQR 2.63)) and at the end of the 
intervention (median 5.45 FSA-NPS-DI points (IQR 3.19)). Participants in the control 
group consistently improved their shopping behavior over the course of the intervention 
from median 5.83 FSA-NPS-DI points (IQR 4.11) at baseline to median 5.70 FSA-NPS-
DI points (IQR 5.31) at T1, to median 4.42 FSA-NPS-DI points (IQR 5.42) at T3, and 
to median 4.86 FSA-NPS-DI points (IQR 3.75) at the end of the intervention. At the end 
of the intervention, the control group purchased significantly healthier food than the 
FutureMe group (P=.02). However, the control group’s food baskets were already 
healthier at baseline, although not at statistically significant levels.  
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Table 4: Primary Outcomes by Timepoint and Group 

 
 
Table 5: Within- and Between-group Comparisons of Primary Outcomes by 
Timepoint 

 

Nutritional Sub-Categories 

Appendix 2 provides a summary of all secondary outcomes for all relevant 
timepoints. It also presents the results of the Wilcoxon Sign-Rank tests and the Mann-
Whitney U tests. Across both groups, no statistically significant improvements were 
found in nutritional sub-categories during the intervention. As for directional 
developments, for the control group, improvements in nutritional quality of food 
purchases were driven by reductions in sugar per 100g food purchases between baseline 
(median 0.91 FSA-NPS-DI points (IQR 1.31)) and the end of the study (median 0.55 
FSA-NPS-DI points (IQR 1.07)). For the intervention group, improvements in 

Primary outcome variables 4-week period actuals

Baseline (T0)b n T1c n T2d n EoS (T3)e n
Physical Activity, median (IQR)
Walking (in steps/day)
Avatar 4314.83 (3620.33) 41 4577.85 (4620.26) 35 6042.45 (6242.31) 18 4556.94 (5226.94) 12
Control 5084.83 (5220.33) 51 5361.50 (5960.88) 43 4909.32 (5128.09) 24 4821.64 (5228.79) 18

Nutritional quality of food 
purchases, median (IQR)
Total nutritional quality (in FSA-
NPS-DI-points)a

Avatar 6.73 (5.03) 27 6.79 (3.67) 20 6.14 (2.63) 14 5.45 (3.19) 13
Control 5.83 (4.11) 40 5.79 (5.41) 34 4.42 (5.42) 19 4.86 (3.75) 14
a FSA-NPS-DI point scale: -15 most healthy to +40 least healthy.
b Baseline: For steps baseline defined as average steps/day 6 days prior to enrolling in the trial; 
for shopping-related outcome variables baseline is defined as nutritional value of all foods purchased within the 4 weeks before the trial.
c T1: Week 1-4 average values
d T2: Week 5-8 average values
e EoS: End of Study, defined as mean value week 9-12. 

Outcome variables Within-group comparison vs. baseline Between-group comparison
Baseline vs. T1 Baseline vs. T2 Baseline vs. EoS Baselineb T1c T2d EoSe

Z P value Z P value Z P value U P value U P value U P value U P value
Physical Activity, median (IQR)
Walking (in steps/day) 965 .53 656 .34 212 .93 105 .92
Avatar -0.3 .79 -0.283 .80 -0.39 .73
Control -0.9 .38 -0.438 .68 -0.57 .60

Nutritional quality of food 
purchases, median (IQR)
Total nutritional quality 
(in FSA-NPS-DI-points)a 470 .14 505 .29 660 .44 796 .02
Avatar -1.8 .07 -0.299 .77 -0.56 .58
Control -0.4 .70 -0.213 .83 -1.26 .21
a FSA-NPS-DI point scale: -15 most healthy to +40 least healthy.
b Baseline: For steps baseline defined as average steps/day 6 days prior to enrolling in the trial; 
for shopping-related outcome variables baseline is defined as nutritional value of all foods purchased within the 4 weeks before the trial.
c T1: Week 1-4 average values
d T2: Week 5-8 average values
e EoS: End of Study, defined as mean value week 9-12. 
Comment: P value reported as exact significances due to small sample sizes. 
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nutritional quality of food purchases were driven by reductions in saturated fatty acids 
and sodium between baseline (saturated fatty acids median 3.82 FSA-NPS-DI points 
(IQR 2.83); sodium median 2.77 FSA-NPS-DI points (IQR 1.56)) and the end of the 
study (saturated fatty acids median 3.82 FSA-NPS-DI points (IQR 2.83); sodium 
median 2.77 FSA-NPS-DI points (IQR 1.56)). For both groups, the amount of protein, 
fruit, vegetables, and fibers per 100g in food purchases was relatively stable throughout 
the trial or even decreased slightly across both groups. At the end of the intervention, 
the control group purchases significantly healthier food than the FutureMe group in 
regard to sugar (P=.01) and saturated fatty acids (P=.01). However, the control group’s 
food baskets already contained significantly lower amounts of saturated fatty acids at 
the baseline (P=.03).   

User Engagement 

User engagement was similar across the FutureMe and control interventions (see 
Appendix 2). Engagement was highest during the first 4 weeks of the intervention (T1) 
where the FutureMe and control groups recorded a median of five logins per week (IQR 
10.00) and four logins per week (IQR 10.00), respectively. User engagement decreased 
to one login per week for the FutureMe group for T2 (IQR 3.00) and remained flat until 
the end of the study (IQR 1.00). For the control group, user engagement also dropped to 
a median of one login per week at T2 (IQR 3.00) but increased to two logins per week 
(IQR 2.00) at the end of the study.   

Attitudinal and Motivational Constructs 

Appendix 2 provides a summary of all attitudinal and motivational constructs 
pre- and post-intervention. It also presents the results of the Wilcoxon Sign-Rank tests 
and the Mann-Whitney U tests. Intrinsic motivation to lead a healthy lifestyle 
significantly (P=.03) increased from a median value of 5.83 (IQR 1.75) at baseline to 
6.0 (IQR 1.67) at the end of the study for participants in the FutureMe intervention. In 
contrast, intrinsic motivation decreased in the control group throughout the intervention. 
The extrinsic motivation to lead a healthy lifestyle increased in both groups from 
baseline (FutureMe median 2.67 (IQR 2.00); control median 3.33 (IQR 2.00)) to the end 
of the study (FutureMe median 3.67 (IQR 2.50); control median 4.00 (IQR 2.08)). 
However, the changes were not statistically significant. At the end of the study, the 
FutureMe group showed significantly (P=.03) higher levels of recovery self-efficacy 
(median 7.00; (IQR 1.00)) compared to the control group (median 5.67; (IQR 1.25)). 
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Motivational self-efficacy did not change significantly in either group. Outcome 
expectancy increased for the FutureMe group between baseline (median 6.10; (IQR 
1.65)) and the end of the study (median 7.00; (IQR 2.08)). However, the change was not 
statistically significant. In contrast, outcome expectancy decreased in the control group 
between baseline (median 6.20; (IQR 1.60)) and the end of the study (median 5.67; (IQR 
1.62)), although not at statistically significant levels.    

Sensitivity Analysis 

To test for attrition bias and randomness of missing data, we compared 
demographic and primary outcome variables at baseline (T0) between participants who 
did not finish the trial (ie, dropouts) and participants who completed the trial (ie, trial 
completers). The results are presented in Table 6. We found no statistical differences 
between dropouts and trial completers with respect to our primary outcome variables, 
indicating a low risk of attrition bias. Comparing demographic variables revealed no 
statistical differences in regard to gender ratio, body mass index, or household size. Trial 
completers, however, were found to be significantly younger (P=.02) than dropouts. 
Overall, our sensitivity analysis confirmed that missing data can be considered 
completely random in our trial and that no systematic error can thus be expected [68]. 
The large amount of missing data, however, reduces the statistical power of our analysis 
[67,68].  
 
Table 6: Results of The Sensitivity Analysis 

 

Demographics and primary outcomes Dropouts n Trial completers n P  Valuee

Gender, n (%) 65 30 .66
Male 28 (43%) 15 (50%)
Female 37 (57%) 15 (50%)

Age in years, median (IQR) 48.00 (20.00) 65 42.00 (18.00) 30 .02

BMIa, n (%) .92f

>30 9 (14%) 65 1 (3%) 30
25 - 30 18 (28%) 65 11 (37%) 30
<25 38 (58%) 65 18 (60%) 30

HH Size, median (IQR) 2.00 (2.00) 65 3.00 (2.00) 30 .54

Physical activity, median (IQR)
Walking (in steps/day) 4897.83 (4286.13) 64 4077.50 (5499.05) 28 .95

Nutritional quality of food purchases, median (IQR) 5.64 (3.87) 42 6.38 (4.26) 28 .24
Total nutritional quality (in FSA-NPS-DI points)b
a BMI: Body Mass Index. 
a FSA-NPS-DI point scale: -15 most healthy to +40 least healthy.
e Mann-Whitney U test was performed to detect statistical differences.
f Mann-Whitney U test was performed comparing absolute BMI scores. 
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Results of Qualitative Study 

Out of all participants who finished the trial, 15 participants were randomly 
selected to participate in semi-structured video interviews. The selected participant 
demographics were similar to the overall trial demographics. Forty-seven percent of 
participants (7/15) were female. The median age was 34.00 (IQR 24.00) and the median 
household size was 2 (IQR 1.00). Fifty-three percent of participants (8/15) had received 
the FutureMe intervention, 47% (7/15) the control intervention.  

Ease of Use and Usefulness 

While most participants experienced some challenges while signing up, particularly 
with connecting their loyalty cards to the application, they found using the app intuitive 
and easy. App functionalities were said to be simple and easily understandable. 

 
The app is very simple, easy to read and intuitive to use. Really without a lot of 
bells and whistles or hidden features. [User #13, female]  
 
Overall, many users appreciated how easy the app was to use—after the initial 

setup—and that data synchronized automatically and effortlessly into the app. 
 

Personally, I was motivated by the fact that the effort is relatively low, it is 
automatically synchronized, whether it is sports or shopping. [User #1, male] 
 
The app’s observed usefulness depended largely on how well participants 

perceived that tracking reflected their actual physical activity and food purchasing 
behavior. Participants who shopped mainly at the two participating grocery retailers, 
and whose physical activity behavior mostly involved walking or running, rated app 
usefulness as very high. They felt that the app provided helpful insights, liked the color-
guidance on the overview tracking screen and were inspired by the food tips. 

 
Above all, to bring the bar up to green. As far as possible everywhere, but I 
haven’t achieved that yet. [User #8, male] 
I just found it very exciting with the purchases. […] I had the feeling that I buy 
very consciously and healthily, and sometimes I was in the orange and red area, 
where I thought just because I bought a pizza once, it drags the whole curve 
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down. That is then nevertheless exciting and stimulates you to think about it and 
to consider whether it would not make sense to buy the wholewheat pizza dough 
or a vegan alternative instead of the normal pizza. [User #9, male] 
 
Participants who purchased their food at different grocery retailers or local 

markets, who regularly ate takeaways, or who shared the loyalty card with other family 
members found the app less useful. They felt that it did not reflect their actual behavior. 
They also stated that they would rate usefulness higher if tracking were more accurate. 

 
It does not reflect things as they are. Because I don’t buy a lot of vegetables and 
fruit at these two retailers. [User #14, male] 
I was annoyed that my son just once again bought chips and peanuts. [User #5, 
female] 

Participant-Avatar Relationship  

Users who rated the app’s tracking accuracy high reported that the avatar motivated 
behavior change and that checking-in on the avatar was a key reason for logging into 
the app. 

 
The avatar was super cool. [User #6, male] 
One app feature that motivated me was the avatar. I always clicked on the 
different items and checked to make sure that I improve on all categories. [User 
#4, female] 
 
Users liked that they could personalize their avatar and mentioned that the avatar 

somewhat resembled them. In contrast, most participants did not much like the avatar’s 
Mood feature (ie, the facial expression depending on fruit, vegetable, and fiber 
consumption). In particular when the avatar expressed sadness, users reported that this 
did not reflect how they felt. Also, more generally, users with less healthy food 
purchases or low physical activity behavior were more critical, with some users feeling 
discouraged by the avatar’s challenging feedback. They felt that some of the avatar’s 
reactions to their behavior were exaggerated and did not reflect their state of health. This 
suggests that users struggled to fully understand that their avatar did not reflect their 
current health but rather their future health. 
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I could only partially identify with the avatar. I found especially that he gained 
weight very quickly. I couldn't understand why it was so fast. I had the feeling 
that he represented a worse image than my actual condition. [User #11, male] 
 
Users who rated the app’s tracking accuracy as low identified less with the avatar.  

 
I mostly buy drinks and non-food items at the two participating retailers, so 
nothing that affects the avatar. Therefore, I can’t identify with it. [User #15, 
female] 

Areas of Improvement  

Users suggested improvements for the app’s tracking functionality, its analysis, 
insights, and feedback, and incentive schemes. The most frequently mentioned area of 
improvement concerned broadening synchronized data sources and improving tracking 
accuracy. Although users appreciated that the automatic synchronization of food 
purchases required no personal effort, they wanted to be able to manually add data from 
other retailers, to include restaurant consumption, or to exclude foods purchased by 
other household members or unconsumed (food waste). Receipt scanning was 
mentioned multiple times as a preferred option for manually adding data, followed by 
drop-down functionalities. Further, users indicated that breaking down food purchases 
over a consumption period would improve app usefulness as certain items (eg, oil, salt, 
or condiments) are usually consumed over a longer period of time. 

 
It would be cool if you could actually control the food analysis in the app via 
consumption and not the purchase, by dividing a product according to days or 
months in which I consume it. [User #1, male] 

 
Regarding activity tracking, users felt that including physical activity beyond the 

number of steps and improving app compatibility with leading fitness watches would be 
valuable improvements. Another related improvement often mentioned was improving 
data synchronization speed. In the FutureMe trial, food and physical activity data were 
updated daily. However, as an app login was required to synchronize loyalty card data 
with the app, it took approximately two days for food purchases to appear in the app. 
Users mentioned that they would have preferred to have food purchases available 
immediately after shopping.  
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Regarding the app’s analysis options, users liked the food tips, but felt that these 
were not updated regularly enough. Some users indicated that they would have liked to 
receive push notifications once new data were available in the app, or motivating push 
messages if their shopping or physical activity behavior deteriorated or improved. 
Furthermore, various participants mentioned that they would have liked to see the least 
healthy items in their shopping basket on a separate screen, as they felt that this would 
help to improve their shopping behavior, instead of merely receiving shopping tips for 
healthier alternatives. 

 
You only see alternative product suggestions in the app. But it would be cool to 
see which products you purchased that you should consume less of. That would 
be more helpful. [User #4, female] 

 
Regarding feedback, some participants were discouraged by the avatar’s 

sometimes harsh language or appearance. They felt that empathetic, positive language—
even if they shopped unhealthily—would be more encouraging, which aligns with 
motivational interviewing theory [72]. Furthermore, participants mentioned that 
animating the avatar or being able to adjust its clothing during the trial would improve 
user engagement, also with the overall app. 

 
If you could dress the avatar however you want, I’d love that. [User #15, female] 
 

Lastly, some users suggested implementing an extrinsic incentive scheme in the 
application. Various users mentioned that an integrated financial bonus system or 
discounts for healthier food options would increase their motivation to use the app. 

Discussion 

Principal Findings 

Insufficient physical activity and unhealthy diets are contributing to the rise in 
NCDs. Scalable, preventative interventions are needed to combat this trend. To date, 
however, evidence of scalable mHealth interventions targeting both physical activity 
and nutritional improvements is scarce.  

This is the first study to examine the impact of a future-self avatar mHealth 
intervention on physical activity and on the nutritional quality of food purchases. Using 



Article III 

141 

 

a 12-week RCT design, we found that a future-self avatar mHealth intervention leads to 
directional, small increases in physical activity (median +242 steps/day) and to 
directional improvements in the nutritional quality of food purchases (median -1.28 
FSA-NPS-DI points). Low nutritional quality of food purchases is associated with a 
higher risk of developing chronic diseases and higher levels of obesity [58]. Moreover, 
increases in physical activity can lower the risk of metabolic syndromes and reduce all-
cause mortality [73,74]. Our results thus provide preliminary evidence that scalable, 
preventative mHealth interventions that use future-self avatars and automatic tracking 
of food choices via digital receipts from loyalty cards can contribute to reducing NCDs.  

However, our study found no statistically significant changes in either of its 
primary outcomes over the course of the 12-week intervention. One underlying reason 
why we found only directional yet no statistically significant improvements might be 
the reduced statistical power of our research due to the unexpectedly high attrition rate 
(68.42%, n=95) and the resulting small sample at the end of the intervention. A meta-
review of weight-loss interventions found that attrition rates vary significantly between 
studies (9-90%) but found no consistent predictors [75]. Also, prior research has noted 
that high dropout rates are a “natural feature” of mHealth interventions [20]. Compared 
to traditional randomized-controlled drug trials, adherence to an mHealth intervention 
is largely at the participant’s discretion [20]. This applies in particular when an 
intervention is not critical to participant well-being, as was the case with our 
preventative mHealth study. Further research with larger sample sizes is thus needed to 
understand whether a future-self avatar mHealth intervention can effectively reduce 
present bias and drive health behavior change.  

To our knowledge, our study is the first mHealth intervention to implement fully 
automated food purchase tracking through loyalty cards in an RCT design outside of 
South Africa [25,26]. Based on a 12-week RCT and 15 semi-structured interviews, we 
found that our technical solution is feasible and reliably tracks food purchases without 
requiring any participant effort after the initial setup of the FutureMe app. Prior work 
has found that individuals from northern-European countries consume between 71.5% 
and 79.8% of their mean daily energy intake at home [76]. Analyzing food purchases 
through automized receipt tracking and a comprehensive nutritional product database is 
thus a promising method to guide improvements in overall nutrition, and also contributes 
to the need for automated and scalable nutrition tracking solutions [25,26]. Our study 
found that some participants were open to further improving the comprehensiveness of 
the analyzed food data by manually adding out-of-home food consumption and by 
increasing the number of included retailers. Future research should thus evaluate how to 
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further optimize automated and semi-automated nutrition tracking systems so as to 
increase user retention. 

Present bias offers one possible explanation as to why preventative mHealth 
interventions are less effective than curative mHealth interventions [15,32]. Our study 
thus examined whether a future-self avatar intervention can reduce present bias by 
increasing outcome expectancy. In our 12-week RCT, we found directional 
improvements in outcome expectancy for the FutureMe group while this decreased in 
the control group. The results of our qualitative interviews show that some users did not 
understand that the FutureMe avatar reflected the future consequences of their current 
health behavior. They assumed instead that the FutureMe avatar mirrors today’s health 
consequences. This effect could have undermined significant increases in outcome 
expectancy. However, we found that the future-self avatar intervention statistically 
significantly increased intrinsic motivation (P=.03) while no increase occurred in the 
control intervention. Intrinsic motivation is associated with more sustainable behavior 
change than extrinsically motivated behavior [77]. Future-self avatars, as an element of 
gamification, might thus meaningfully contribute to improving the longer-term 
effectiveness of mHealth interventions, compared to more traditional text-based and 
numerical interfaces. Future research should explore how the interfaces and 
functionalities of a future-self avatar mHealth intervention might be improved to more 
clearly communicate future health consequences, given the promising results this 
technology has produced in overcoming present bias in related research fields [31]. 

Limitations 

The strengths of our study are its use of objectively measured data for all primary 
and secondary outcomes, its rigorous research design, as well as its innovative future-
self avatar interface and fully automated tracking system. However, it is not without 
limitations. First, the unexpectedly high attrition rate limited the sample size and 
statistical power of our study. We conducted a sensitivity analysis to test for attrition 
bias and found that participants who discontinued the app were not different from 
participants who finished the trial, based on their baseline demographics (with the 
exception of age), physical activity and food purchasing behavior.  

Second, the timing of our study may have impacted our results. Prior research 
has found that physical activity behavior is seasonally dependent [78]. Our study was 
conducted from November 2020 to April 2021 and results thus may have been 
influenced by decreases in daylight and temperatures, as well as by unusual physical 
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activity or food purchasing behavior due to the end-of-year holiday season and New 
Year’s resolutions. Also, the rise of the Covid-19 pandemic during the trial period may 
have impacted physical activity patterns and grocery purchases.  

Lastly, we only tracked and analyzed food purchased at Switzerland’s two 
leading grocery retailers. These represent 69% of the grocery market in Switzerland 
[79]. While this share is considerable, non-inclusion of other food purchases (eg, local 
farmers’ markets, butcher stores, or discounters) may have impacted our results. Also, 
physical activity tracking was limited to measuring steps and did not include other forms 
of physical activity, which may have constrained our findings. Additionally, for iOS 
users, we only captured the number of steps recorded by their mobile phone. For 
Android users, we captured both the steps recorded by their mobile phone and those 
recorded by other devices connected to Google Fit.  

Conclusions 

Our RCT found that a future-self avatar mHealth intervention leads to directional 
improvements in physical activity levels and food purchasing behavior, and 
significantly increases intrinsic motivation to lead a healthy lifestyle. Leveraging loyalty 
card data to track the nutritional quality of food purchases was found to be a feasible 
and accepted nutrition tracking technology and thus contributes to the search for scalable 
and automated tracking solutions. However, the high attrition rate and resulting small 
sample size of our study require further research to evaluate whether future-self avatar 
mHealth interventions can improve physical activity and food purchases at statistically 
significant levels. The use of future-self avatars may need to be modified in order to 
prevent attrition, reduce present bias, and promote sustainable behavior change. 
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Appendix 1: Scales for Attitudinal and Motivational Constructs Used in The FutureMe 
Randomized-controlled Trial 
 
Legend: 1=completely disagree, 7=completely agree 
 
Motivational self-efficacy (adapted from Schwarzer et al. 2007) [59] 
 

A In my everyday life, …  1 2 3 4 5 6 7 

A1 … I manage to exercise three times a week for 30 min.        
A2 … I can make sure that I exercise at least once a week        
A3 … I know how to shop healthily        
A4 … I make sure I have a balanced shopping cart when I shop.        

 
Recovery self-efficacy (adapted from Schwarzer et al. 2007) [59] 
 

B Imagine you come back from vacation and need to get back into 
your daily routine.  
After my vacation, I'm sure that… 

1 2 3 4 5 6 7 

B1 … I'll go back to balanced shopping, even if I have to get used to it 
again. 

       

B2 … I'll get back to regular exercise, even if I don't see immediate results.        
 
Outcome expectancy (adapted from Renner and Schwarzer, 2005) [60] 
 

C Do you think your behavior today can affect your health as you 
age?  
I believe that… 

1 2 3 4 5 6 7 

C1 … I can positively influence my health in old age with my current 
exercise and shopping behavior. 

       

C2 … I am reducing my risk of obesity in old age with my current exercise 
and shopping behavior.   

       

C3 … I am reducing my risk of developing diabetes in old age with my 
current exercise and shopping behavior.   

       

C4 … I am lowering my risk of suffering from cardiovascular disease in 
old age with my current exercise and shopping behavior.   

       

C5 … I can improve my overall mental well-being in old age with my 
current exercise and shopping behavior.  

       

C6 … I can improve my mobility in old age with my current exercise and 
shopping behavior.   
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Intrinsic & extrinsic motivation (adapted from Williams, Ryan and Deci, 2016) [61] 
 

D Why is it important for you to exercise and shop healthily? 
I exercise and shop healthily because… 

1 2 3 4 5 6 7 

D1 … I personally believe it's best for my health.        
D2 … it's consistent with my life goals.        
D3 … it is very important to be as healthy as possible.        
D4 … I want to see positive metrics on my activity tracker and health   

app.    
       

D5 … I want others to see that I am being healthy.        
D6 … I want praise from others.        
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 A
ppendix 2: Secondary O

utcom
es by Tim

epoint and G
roup, W

ithin- and Betw
een-

group Com
parisons 

Outcome variables 4-week period actuals Within-group comparison vs. baselineh Between-group comparisoni

Baseline vs. T1 Baseline vs. T2 Baseline vs. EoS Baseline T1 T2 EoS
Baselined n T1e n T2f n EoSg n Z P value Z P value Z P value U P value U P value U P value U P value

Nutritional sub-categories, median (IQR)
Sugars (in FSA-NPS-DI points)a 565 .73 484 .19 592.5 .97 823.5 .006
Avatar 0.83 (1.08) 27 0.95 (0.90) 20 1.06 (0.39) 14 0.89 (0.47) 13 -0.561 .58 -1.542 .12 -0.56 .58
Control 0.91 (1.31) 40 0.65 (0.86) 34 0.74 (1.07) 19 0.55 (1.07) 14 -0.994 .32 -0.471 .64 -0.3 .76
Saturated fatty acids (in FSA-NPS-DI points)a 412 .03 493.5 .23 542 .54 824.5 .006
Avatar 3.82 (2.83) 27 3.44 (1.34) 20 3.53 (0.78) 14 3.47 (1.36) 13 -1.478 .14 0.00 1.00 -0.13 .90
Control 2.93 (1.37) 40 3.06 (2.30) 34 2.07 (2.23) 19 3.10 (1.66) 14 -0.128 .90 -0.731 .47 -1.45 .15
Sodium (in FSA-NPS-DI points)a 527 .42 458 .11 614 .82 732 .10
Avatar 2.77 (1.56) 27 2.76 (1.82) 20 2.43 (1.50) 14 2.21 (1.46) 13 -0.818 .41 -0.128 .90 -0.21 .83
Control 2.42 (1.37) 40 2.40 (1.69) 34 2.31 (1.18) 19 2.86 (2.13) 14 0.00 1.00 -0.471 .64 -0.13 .90
Fruit, vegetables, legumes and nuts (in FSA-NPS-DI points)b 555 .64 449 .08 722 .13 681 .31
Avatar 0.28 (0.53) 27 0.22 (0.32) 20 0.15 (0.49) 14 0.20 (0.28) 13 -0.561 .58 -0.561 .58 -0.56 .58
Control 0.31 (0.47) 40 0.12 (0.22) 34 0.20 (0.52) 19 0.10 (0.17) 14 -1.274 .20 -0.77 .44 -1.36 .17
Fibers (in FSA-NPS-DI points)b 611 .85 558.5 .67 722 .13 709 .17
Avatar 1.49 (0.70) 27 1.44 (0.95) 20 1.60 (0.54) 14 1.69 (0.98) 13 -1.172 .24 -0.471 .64 -0.64 .52
Control 1.56 (0.83) 40 1.84 (1.17) 34 1.91 (1.05) 19 1.75 (0.94) 14 -0.644 .52 1.733 .08 -0.13 .90
Protein (in FSA-NPS-DI points)b 509.5 .31 579.5 .86 543 .54 711 .17
Avatar 3.20 (0.70) 27 2.84 (1.18) 20 3.28 (0.62) 14 3.26 (0.60) 13 -0.459 .65 -0.644 .52 -0.39 .70
Control 3.15 (1.03) 40 3.15 (0.91) 34 2.88 (0.92) 19 3.42 (1.17) 14 -0.731 .47 -1.174 .24 -0.82 .41
User engagement, median (IQR)
Logins (logins/week) - - 729.00 .28 132.50 .93 50.00 .47
Avatar - - 5.00 (10.00) 36 1.00 (3.00) 15 1.00 (1.00) 11 - - - - - -
Control - - 4.00 (10.00) 47 1.00 (3.00) 18 2.00 (2.00) 11 - - - - - -
Attitudes & motivation, median (IQR) 
Motivational self-efficacyc 1080.00 .81 - - - - 47.00 .65
Avatar 6.00 (1.31) 42 - - - - 6.00 (1.38) 9 - - - - 0.000 1.00 - - - - - - - -
Control 6.00 (1.50) 53 - - - - 6.13 (1.00) 12 - - - - -0.240 .83 - - - - - - - -
Recovery self-efficacyc 1061.00 .69 - - - - 24.00 .03
Avatar 6.00 (1.50) 42 - - - - 7.00 (1.00) 9 - - - - -0.431 .67 - - - - - - - -
Control 6.00 (1.50) 53 - - - - 5.75 (1.25) 12 - - - - -1.725 .13 - - - - - - - -
Outcome expectancyc 1110.50 .99 - - - - 39.00 .31
Avatar 6.10 (1.65) 42 - - - - 7.00 (2.08) 9 - - - - -0.338 .81 - - - - - - - -
Control 6.20 (1.60) 53 - - - - 5.67 (1.62) 12 - - - - -0.196 .87 - - - - - - - -
Intrinsic motivationc 1073.50 .77 - - - - 32.00 .13
Avatar 5.83 (1.75) 42 - - - - 6.00 (1.67) 9 - - - - -2.217 .03 - - - - - - - -
Control 6.00 (1.50) 53 - - - - 5.50 (1.50) 12 - - - - -1.491 .16 - - - - - - - -
Extrinsic motivationc 871.00 .07 - - - - 47.50 .65
Avatar 2.67 (2.00) 42 - - - - 3.67 (2.50) 9 - - - - -1.612 .12 - - - - - - - -
Control 3.33 (2.00) 53 - - - - 4.00 (2.08) 12 - - - - -0.060 1.00 - - - - - - - -
a FSA-NPS-DI point scale: 0 most healthy to +10 least healthy. gEoS: End of Study, defined as mean value week 9-12. 
b FSA-NPS-DI point scale: 0 least healthy to +5 most healthy. hWilcoxon sign-rank test was performed to detect statistical differences. 
c Likert scale: 1 completely disagree to 7 coompletely agree. iMann-Whitney U test was performed to detect statistical differences.
dBaseline: for steps defined as average steps/day 6 weeks prior to enrolling in the trial; for shopping-related outcome variables baseline is defined as nutritional value of all foods purchased within the 4 weeks before the trial.
eT1: Week 1-4 average values.
fT2: Week 5-8 average values.
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Abstract 

The Covid-19 pandemic has put the spotlight on the lack of digital infrastructure 
in today’s healthcare systems and demonstrated why digitized healthcare is a 
competitive advantage.  
 
Keywords: Digitization, digital health, Covid-19, health policy.  
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Introduction 

The Covid-19 pandemic has hit us by surprise. When news about an unknown 
virus started spreading in January 2020 and an increasing number of new cases were 
detected daily around the globe (Taylor, 2021), we were not ready to manage a global 
pandemic.  

You can’t manage what you can’t measure 

Particularly in Europe, healthcare systems were not built to efficiently 
consolidate infection numbers at a national scale. Instead, labs or clinics in Germany, 
for example, were communicating test results to regional public health offices via FAX, 
telephone or non-standardized emails which were then hand-typed into the public health 
offices’ systems (Kinkartz, 2021). It took Germany six months to introduce a digitized 
detection system (DEMIS) that allowed labs to electronically communicate Covid test 
results to the national institute for disease control and prevention, ultimately speeding 
up the information flow and significantly improving data quality (Robert Koch Institut, 
2021). The lack of digitized information flows is just one example for the 
underdevelopment of healthcare systems with regard to digital capabilities. Today, more 
than one year into the pandemic, many of the national contract tracing apps in EU 
countries are yet to be fully accepted and used by the population (Strempel, 2021). Also, 
Germany is still struggling to transfer the millions of originally analog vaccination 
records into the EU’s digital vaccination pass (Deutsches Ärzteblatt, 2021). 

Digitized healthcare brings competitive advantage 

In contrast, the backbone of Israel’s healthcare system is digital, which comes as 
a competitive advantage, not only in times of a pandemic. The highly centralized Israeli 
system builds on a history of over 25 years of electronic medical records (EMR) for 
every citizen, allowing the country to coordinate their vaccination campaign seamlessly 
and effectively (Ministry of Economy and Industry State of Israel, 2020; Phlio, 2021). 
Because of Israel’s comprehensive EMR infrastructure that systematically consolidates 
medical information in machine-readable, anonymized databases, the country could 
provide immediate feedback on vaccination success rates and side effects, along with 
demographic and medical record data for all vaccinated citizens (Regev, 2021). Taking 
advantage of this dataset, vaccine producer BioNtech/Pfizer offered prioritized 
distribution to Israel, leveraging the country as a pilot case for the real-life effect of a 
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national vaccination campaign on pandemic dynamics (Regev, 2021). Without its digital 
health infrastructure, Israel would not have been able to re-open the country as fast as it 
did. 

Why we need to accelerate digitization beyond the pandemic 

We argue that beyond the Covid-pandemic, we need to accelerate digitization in 
healthcare in order to future-proof healthcare systems and to capitalize on countless 
opportunities: 
 

1. Digitization accelerates medical progress   

Medical progress in recent decades has led to an exponential increase in the 
complexity of medical research. Increasingly, real-world data (RWD) 
complements findings from traditional clinical trials (Ramagopalan et al., (2020); 
Swift et al., (2018)). Together with ever smarter artificial-intelligence (AI) based 
tools, RWD opens the door to predictive medicine at scale. This is particularly 
relevant in researching conditions where preventive care has the greatest effect. 
According to what we know today, Alzheimer’s disease is one such condition. 
Every year, 10 million people develop Alzheimer’s disease, and the number of 
cases rises sharply as the population ages (World Health Organization, 2020). 
RWD allow us to systematically search for clues that help us better understand 
diseases and their development, and to diagnose them at an earlier stage. In the 
future, the success of pharmaceutical companies will not only depend on the best 
natural scientists, but also the best software engineers and access to the best 
anonymized health data. For societies, a digitized healthcare system and quality-
controlled, machine-readable health record databases will become a competitive 
advantage. China, the United States, and Israel are heavily investing in these 
capabilities (Cyranoski, (2016); Ministry of Economy and Industry State of 
Israel, 2020), Europe needs to catch-up.  

 

2. Digitization improves the quality of healthcare 

Until the 1950s, the rule of thumb was that it takes half a century for medical 
knowledge to double. Today, experts estimate that medical knowledge doubles 
every 70 days (Densen, 2011). This leads to complexity and a flood of 
innovations that cannot be mastered by humans alone. To further improve the 
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quality of healthcare, doctors will increasingly be augmented by digital assistance 
systems. Such systems rely on AI and will support image-diagnosis, suggest 
treatment paths and ensure that even less experienced doctors follow treatment 
guidelines, hereby avoiding mistakes and improving the quality of care. To 
future-proof healthcare systems, we must invest in digital assistance tools and 
encourage research at the intersection of medicine and computer science.  
 

3. Digitization creates efficiencies 

Growing medical costs are a major challenge for healthcare systems especially in 
demographically aging societies (Fleisch et al., 2021). While some cost drivers 
like demographic change are unavoidable, there are others that are caused by 
inefficiencies and waste within the system. Digitalization can play a decisive role 
in reducing or preventing inefficiencies, which in turn can alleviate some of the 
cost pressure being experienced by healthcare systems. There are many areas 
where treatment is inefficient. Emergency rooms are one such example. Statistics 
show that when people come to emergency rooms, this is medically unnecessary 
in 71% of cases (Truven Health Analytics, 2013). These visits could have been 
avoided. Digital triage apps can help guide patients to an appropriate and more 
cost-effective treatment option. Digital health companies like Oscar Health have 
pioneered such apps with proven success, herby reducing healthcare costs 
without compromising on quality of care (Fleisch et al., 2021). In order to manage 
rising medical costs in the future, we need to implement connected networks of 
insurers, providers and patients that increase cost transparency and push 
performance-based remuneration schemes.  
 

4. Digitization improves access to healthcare  

Digitization is the key, if not the only way, to provide the 3.4 billion low-income 
people globally, those who earn less than $5.50 a day, with access to quality 
healthcare (World Bank, 2018). The World Health Organization estimates that 
by 2030, we will be facing a shortage of 12.9 million healthcare workers globally 
(World Health Organization, 2013). The situation is particularly acute in Sub-
Saharan Africa and Asia (Ho, 2018; World Health Organization, 2013). But also, 
in Europe, remote areas have been faced with thinned out healthcare networks 
(Kassenärztliche Bundesvereinigung, 2016). Telemedicine can extend access to 
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medical care in remote places, remote diagnostic tools efficiently bring expert 
knowledge to lower-skilled healthcare centers when needed, smart digital 
assistants can relieve doctors from administrative tasks, thereby freeing up much 
needed medical capacities. To improve access to healthcare, we need to improve 
mobile-phone and data networks, and to integrate telemedicine and remote 
diagnostic services into regular care networks.  
 

5. Digitization supports preventative care 

The most fatal diseases are not infectious diseases, but non-communicable 
diseases such as diabetes, cardiovascular illnesses, or cancer which cause the 
majority of deaths worldwide (World Health Organization, 2021). To a large 
percentage, the risk of getting these diseases is driven by modifiable lifestyle-
related factors. Smoking causes 7 million deaths per year, insufficient physical 
activity 2 million, and excess salt consumption 4 million (World Health 
Organization, 2021). Instead of treating a growing number of patients with 
chronic illnesses, the focus must shift towards prevention. Mobile digital health 
solutions (mHealth) can effectively support behavioral change towards healthier 
lifestyles. Because of their ubiquitous nature, they provide scalable and cost-
effective solutions to support health behavior change in large populations. 
mHealth solutions also expand the reach of doctors beyond their clinic and offer 
continuous patient support, which improves therapy outcomes for chronic 
illnesses. The diabetes app MySugr showcases how supplementing traditional 
care with mHealth solutions improves quality of care (Fleisch et al., 2021). To 
future-proof healthcare systems, we need to leverage mHealth solutions to 
supplement current treatment regimes, and to transform healthcare systems 
towards prevention-oriented systems that safeguards health instead of treating 
diseases.  
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