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Kurzfassung 
Kontinuierlicher technologischer Fortschritt, wie die Erfindung des Computers 
oder des Fernsehers, führen dazu, dass der Mangel an Bewegung im privaten 
Umfeld, bei der Arbeit und in der Freizeit stetig zunimmt. Verknüpft man diesen 
Umstand mit weiteren gesundheitsschädlichen Faktoren, wie unter anderem 
ungesunde Ernährung, können daraus erhöhte Gesundheitsrisiken für 
Erkrankungen wie Typ-2-Diabetes, Herz-Kreislauf-Erkrankungen und Adipositas 
bei Kindern und Erwachsenen abgeleitet werden. 

Gegenwärtige Entwicklungen tragbarer Technologien, sogenannte Wearables, 
ermöglichen es Informationen wie die Körperhaltung oder Aktivitäten 
aufzuzeichnen und auszuwerten. Diese Geräte werden am oder nahe dem Körper 
getragen und dienen zur Unterstützung von Tätigkeiten in der realen Welt, etwa 
durch Informationen, Auswertungen und Anweisungen. 

Im Zuge dieser Arbeit wurde daher ein Konzept für die Implementierung eines 
Smart-Cueing-Algorithmus entwickelt, welcher es ermöglicht, die derzeitige 
Bewegungssituation auszuwerten, zu verarbeiten und basierend auf den gegebenen 
Umweltfaktoren individualisierte Handlungsempfehlungen zu generieren. Diese 
sollen anschließend an den Benutzer übermittelt werden, um sein Verhalten 
beeinflussen zu können. Die Datenaufnahme erfolgt dabei durch einen tragbaren 
Sensor.  

Es werden, unter Berücksichtigung aktueller Literatur, unterschiedliche Ansätze 
und Techniken analysiert und ausgewertet. Ziel ist es, das Verhalten sowie die 
Motivation der Testpersonen erfassen, adaptieren und ihre persönliche Gesundheit 
zu verbessern.  
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Abstract 
Continuous technological developments, such as the invention of the computer and 
television, are causing a steady decrease in exercising at home, at work, and during 
leisure time. Associating this with other harmful influences, such as unhealthy 
nutrition, can lead to increased health risks for diseases such as type 2 diabetes, 
cardiovascular disease and obesity in children and adults. 

Current progress in wearable technology, so-called wearables, enables the 
possibility to record and evaluate information about e.g. posture or activities. These 
devices are worn on or near the body and are used to support real-world activities 
by providing information, analysis, and instruction. 

The purpose of this work is therefore to develop a concept for the implementation 
of a smart cueing algorithm. This concept makes it possible to evaluate the current 
movement situation, and to process and generate individualized recommendations 
for action based on the given environmental factors. These should then be 
transferred to the user in order to influence their behavior. The data is collected by 
a wearable sensor. 

Considering current literature, different approaches and techniques are analyzed 
and evaluated. The aim is to capture the behavior and motivation of the test subjects 
in order to adapt and improve their personal health.   
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1 Initial Situation 
This chapter focuses on the explanation of how adult lifestyles have become 
increasingly sedentary at home, at work, and during leisure time in the majority of 
the developed world. The current state of the mobile health technologies and how 
it can impact sedentary behavior will therefore be explained. Subsequently, the 
objectives and the research questions of this work will be defined. 

1.1 Introduction 

 “Physical fitness is not only one of the most important keys to a healthy body; it 
is the basis of dynamic and creative intellectual activity.”  

John F. Kennedy, 35th President of the United States [1] 

In many parts of the world, personal habits have become increasingly chair-bound 
in the familiar environment, at work and during spare time, through increasing 
computer usage, video games, and watching of television. There is substantial 
evidence suggesting that adults spend most of their waking hours either in sedentary 
or in light-intensity physical activities [2]. Additionally factory such as unhealthy 
diet, physical inactivity and poor sleeping patterns are associated with highly 
prevalent health risk factors in children and adults [3]. Sedentary time, independent 
of the time spent in moderate to vigorous intensity physical activity, is associated 
with health risks including type 2 diabetes, cardiovascular disease, metabolic 
syndrome, weight gain and obesity [3]. 

Consequently, the United States spend approximately 75% of their $2 trillion 
healthcare budget on chronic diseases each year, which makes up seven out of ten 
deaths annually [4]. Thus, increased attention is being paid to the development of 
intervention methods that focus on reducing sedentary time and increasing physical 
activity levels for the purpose of improving overall health [2]. Nowadays, 
advancing technological progress provides new opportunities to monitor health 
behavior. In 2016, 70% of Americans, 61% of Europeans, and 74% of Australians 
regularly used a smartphone and/or tablet [5] and within a decade a steady stream 
of new smartphone applications and wearable mobile sensors allow users to identify 
health parameters such as their vital signs. There are several opportunities to use 
wearable devices for forecasting, preventing, and treating chronic and non-chronic 
diseases, which can be analyzed through specific software systems and utilized to 
monitor and facilitate change in health behavior [6]. According to the World Health 
Organization (WHO), nearly 90% of the world population could benefit from the 
opportunities offered by mobile technologies and with relatively low costs [7]. 
Thus, the global mobile Health (mHealth) market was an estimated $10.5 billion in 
2014 and is expected to grow 33.5% annually between 2015 and the 2020s [7]. 

The purpose of this paper is therefore to generate a concept for the implementation 
of a smart-cueing algorithm for a personal activity monitor-based intervention for 
sedentary but sufficiently active adults in their work. For this, several approaches 
and techniques will be defined to motivate and change the behavior of the test 
subjects and improve their personal health. The concept of remotely monitoring 
workers is not new but recently a lot of attention has been placed on smart wearable 
body sensors (SWS). The interventions therefore are intended to reduce sedentary 
behavior and increase physical activity in daily living activities [2], [4]. 
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1.2 Motivation and Problem Statement 

According to the US Bureau of Labor Statistics, there were 77 million people in the 
US who used a computer at work in October 2003 [8]. Based on recent 
technological developments that number is expected to have grown [9]. In a typical 
working week, people spend on average 5 hours and 41 minutes per day sitting at 
their desk and 7 hours sleeping at night [10]. In 2013, an average American desk 
job worker sat for 1920 hours per year and spent at least 9.3 hours a day on sitting 
in total [11]. 

 

According to Figure 1 all jobs spend an average of 61.0% of the workday standing 
or walking and 39.0% of the workday sitting in 2016, although this varies by 
occupation. For example, waiters and waitresses spent 96.3% of their workday 
standing or walking and just 3.7% sitting. Software developers and applications 
spent an average of 90.0% of their workday sitting in 2016. Other occupations in 
which workers sit most of the day include bus drivers, accountants or insurance 
sales agents, who spent around 80% of their workday sitting [9]. 

Behavioral physical activity interventions are typically successful in increasing 
activity levels, but these interventions are costly and require professional expertise 
in delivering behavior change techniques (BCTs). Personal postural and activity 
monitoring devices measure physical activity and interface with a computer or 
mobile app to provide extensive feedback tools [12]. However, little is known about 
how these monitors differ from one another, what options they provide in their apps, 
and how these options may impact their effectiveness. Low costs, wide reach, and 
apparent effectiveness of electronic postural and activity monitors make them 
appealing for recommendation by medical practitioners, but the growing number of 
options precludes practitioners’ ability to provide informed recommendations to 
patients [12]. Technological advances have seen a burgeoning industry for 

Figure 1: Percent of Americans’ workday spent standing or walking versus sitting 2016 [9] 
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accelerometer-based wearable activity monitors targeted at the consumer market 
[13]. The growth in mobile technologies has also stimulated the growth in health 
and fitness apps to provide behavioral interventions that can reach large populations 
Clever use of apps in health promotion and prevention of disease has enabled 
researchers to apply health behavior changes techniques (e.g. goal setting, self-
monitoring, performance feedback) that have been demonstrated to facilitate health 
behavior change across diverse population groups and settings [5]. 

The process of developing such mHealth interventions is complex, requiring 
numerous decisions that integrate behavioral theory, user feedback, and technical 
and practical feasibility considerations [14]. The prevention of non-communicable 
diseases (NCDs) such as cardiovascular disease, cancer and type 2 diabetes is a 
major public health goal worldwide. In 2012, NCDs were responsible for 38 million 
(68%) of the 56 million deaths globally [5]. Insufficient physical activity is a major 
worldwide public health problem. Even small increases in activity at a population 
level could have far-reaching positive impacts on chronic diseases such as diabetes, 
cardiovascular diseases, and several types of cancer [13]. Also, musculoskeletal 
(MSK) discomfort in children and adults is responsible for significant personal 
influences and societal costs, but it has not been intensively or scientifically researched. 
Therefore, the knowledge of these conditions is limited, but epidemiological research 
has identified circumstances such as back and neck pain as major reasons of disability 
in adolescents [15]. Chronic musculoskeletal pain is often associated with reduced 
activity and sleep disturbance and can result in severe disability [16]. 

1.3 Research Objectives 

The aim of this thesis is to examine the influence of an activity monitoring device 
with personalized cues. To do this, a concept for a smart-cueing algorithm was 
developed to assist an individual in increasing activity and postural transitions by 
offering them suitable prompts on progressive postural variation, reduced sedentary 
time and associated health outcomes, e.g. blood pressure and musculoskeletal 
symptoms. So far, this has hardly been explored in the field of user applications, 
especially for employees. By challenging employees in their own fields and areas 
of interest, the application aims at promoting a sustainable change towards healthy 
lifestyles, with a holistic and multidisciplinary approach. Pivotal elements of the 
BCTs are [17]: 

 Developing self-awareness 
 Enhancing and sustaining motivation 
 Promoting behavioral change towards a healthy lifestyle 
 Providing information about potential healthcare risks and opportunities 

Based on the state of research, various variables were extracted to define specific 
categories for the different motivation types of persons. Through this, it will be able 
to identify several BCTs. A theoretical model will be developed using this research 
to address the expectations of the potential user to improve their time spent sitting, 
standing and moving throughout the day. To reach the goal the following three 
approaches will be used: 

 Developing awareness: Individuals need to be aware of their lifestyle 
choices and understand how changes in choices can lead to a healthier 
lifestyle. Monitoring their posture, collecting parameters and integrating 



1 Initial Situation 1.4 Problem and Investigation Questions 

12 

their own data will allow “self-awareness” on their common situation. 
Through the development of self-awareness and self-reflection, it is possible 
to frame the problem or the opportunity area to act upon or intervene [17]. 

 Creating motivation: Individuals need to be motivated to change their 
behavior in the long-term. Motivation depends on many factors, such as 
personality, emotions, and psychological environment. To support the level 
of engagement, the use of games, services, and opportunities for informing 
about health risk and chances with a gamified approach of reality are 
important influences [17]. 

 Enabling behavior change: Once individuals have gained motivation and 
awareness, it is important to support the behavior change process and 
reinforce acquired behaviors with specific BCTs. For the change from old 
unhealthy behaviors into new healthier ones data has to be monitored and 
collected over a longer period of time [5], [18]. 

Ensuing a review of empirical indications, several principles for the effective 
application of health goal primes are defined: “a) to target individuals who value 
the primed goals, b) by activating their specific motivation, c) through effective cues 
(d) that attract attention at the right time, e) an effective goal-directed behavior 
needs to be known and accessible to the primed individual.” [19] 

The SmartActivityLogger, a theoretical model, will be designed to process detected 
physical activity and movement behavior data to generate personalized, feasible, 
low-effort recommendations. These are then put in a specific context of the subjects 
environment and preceding behavior [20]. Creating another fitness application is 
not a goal of this thesis. The focus will be on creating a concept for a smart cueing 
algorithm which will be connected to a wearable sensor to detect and provide 
improvements on the behavior of the employee. 

1.4 Problem and Investigation Questions 

 Which factors are relevant to identify and increase the motivation of 
potential users, are there psychological models? 

 How can the developed app be implemented to include workflow, data 
presentation/summaries and cueing prompts?  

 Which BCTs are relevant for the development of the application and how 
can they be structured? 

 Which machine learning approach can be implemented to refine the 
algorithm and increase effectiveness of cueing while eliminating 
unnecessary interruptions?   
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2 Methods 
In order to be able to answer the research questions adequately, relevant terms in 
the context of the topic of personal monitoring devices with smart-cueing on 
progressive postural variation will be explained to create a basic understanding for 
this thesis.  

Furthermore, several psychological models will be considered to understand the 
basics of motivation and behavior change. After clustering user behaviors, the 
smart-cueing application uses an exploit-explore strategy to generate suggestions 
based on users’ past physical activities and their preferences. For this suggestions-
generating strategy different behavioral science theories will be considered. Finally, 
the methodological approach will be explained, it includes procedures for the 
research strategy, clustering of the BCTs, tone and context of the notifications and 
evaluation of the machine learning approach. 

2.1 Theoretical Background 

In this chapter terms like wearables, quantified self, mHealth, BCTs, machine-
learning and gamification will be defined and analyzed which are in context with 
self-monitoring on an application. 

2.1.1 Wearables 

These are devices that are worn on the body. An example is smart sportswear, which 
consists of a series of different products. These include, among other things, t-shirts 
with sensors that measure the respiratory and heart rate and transmit the data to a 
smartphone or a tablet or computer, which analyzes, evaluates and returns 
recommendations for further actions The intention of this development is to monitor 
the individual in the long term, and provide a personal way to identify health 
parameters [21]. 

2.1.2 Quantified Self 

Quantified Self (QS), also known as lifelogging or self-surveillance, means any 
individual who is engaged in the self-tracking of behavioral, biological, physical or 
environmental information [22], e.g. [23]: 

 Physical activities: distance travelled, steps, calories, repetitions, sets; 
 Psychological states and traits: emotion, self-esteem, depression, 

confidence level; 
 Situational variables: context, situation, time, day of week; 
 Social variables: influence, karma, current role/status in the group. 

2.1.3 Mobile Health 

Mobile health technology (mHealth) is a rapidly developing factor in modernizing 
health care, promising to make healthcare better and more efficient all over the 
world [24]. Using mobile devices (e.g. mobile phones, patient monitoring devices) 
and wireless technologies such as Bluetooth, Radio-Frequency Identification 
(RFID) and Near Field Communication (NFC), are supporting a rapidly growing 
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set of applications [25]. 

The motivation of mHealth is to capture the dynamics of using mobile devices 
for various aspects of ongoing healthcare delivery. This includes access to 
government resources as well as social networking, also interactions between 
several individuals, institutions and organizations are significant [24]. 

2.1.4 Behavior Change Techniques 

BCTs are a systematic proceeding included as an active part of an intervention 
which was developed to change behavior. Defining characteristics of a BCT are that 
it is noticeable or detectable, replicable, and irreducible [26]. In this context, a 
definition of behavior agreed across disciplines of psychology, anthropology, 
sociology and economics, is: “anything a person does in response to internal or 
external events. Actions may be overt (motor or verbal) and directly measurable, 
or covert (activities not viewable e.g., physiological responses) and indirectly 
measurable; behaviors are physical events that occur in the body and are 
controlled by the brain” [27]. 

It is important to appreciate that there is no gold standard method for changing 
behavior. A BCT is the smallest component suitable for maintaining the postulated 
active ingredients, that are the proposed structures of change, and can be used in 
combination with other BCTs or alone [26]. Examples of BCTs will be shown in 
chapter 0. 

2.1.5 Gamification 

The concept of gamification is a persuasive technology which attempts to influence 
the behavior of a user by activating individual motives through several game-design 
elements [28], [29]. Particularly, it is the process of making activities and 
movements more “game-like”. Importantly, it focuses on the creation of game-like 
experiences. A final advantage of this approach is that it connects gamification to 
persuasive design elements [30]. 

It is based on three mechanisms. First, users can participate in a competition (with 
themselves or with others. Second, users want to gain and share their information. 
Third, users want to have fun and be rewarded for solved quests and tasks [31]. As 
a consequence, this approach does not deal with classically designed games that can 
generally be defined as dissolving rule-based simulated conflicts [32]. Therefore, 
gamification needs to be contrasted to related concepts such as serious games and 
games with a clear result [33]. 

2.1.6 Machine Learning 

In this chapter the concept of machine learning, the precocious new development 
of artificial intelligence, will be explained. Machine learning (ML) is the fastest 
growing field in computer science, and the field of health informatics is among 
the greatest challenges for ML [34]. Modern computers are still not able to 
communicate to the world around them in the same way as human beings. The 
concept of ML uses data pattern analyses to derive specific rules from detected, 
filtered and generated data. Nowadays, in the era of big data, the combination of 
interaction with technology and ambient analysis can be used to predict the behavior 
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of humans. Oral communication, choices online and location can be used to both 
analyze and influence behavior. Large data sets with several clinical variables are 
required in order to find nuances and patterns to derive predications or generate a 
result [35]. The main purpose of ML is to develop algorithms which can improve 
themselves in an ongoing learning and improvement process to enhance the 
accuracy of predictions [34].  

2.2 Psychological Background 

For the understanding of the basics of motivation and behavior change from 
individuals the Porter-Lawler model will be considered. This is a comprehensive 
theory of motivation, combining the various aspects. It is based on four basic 
assumptions about human behavior [36]: 
 Individual behavior is influenced by the combination of different 

independent factors predicated on the individual and their environment; 
 Individuals are assumed to be beings able to make intentional decisions 

about their own behavior; 
 Individuals have different desires, needs, and goals; 
 Based on their assumptions, individuals decide between several behaviors 

and such decided behavior will lead to a specific outcome. 

 
 

The main components of this model are [36], [37]: 
 Effort: Effort refers to the load of energy a person spends to solve a task. It 

is determined by two specific factors, the value of reward, and the 
perception of effort-reward probability. 

 Performance: One's effort leads to his/her performance. The amount of 
performance is determined by the amount of labor and the ability and role 
perception of the employee. Performance leads to satisfaction. 

 Satisfaction: The level of satisfaction depends upon the amount of achieved 
rewards. Take for example an amount of actual achieved rewards or exceed 
further rewards, the employee will feel satisfied.  

 Rewards: Rewards can be split up into two fields - intrinsic and extrinsic 
rewards. Extrinsic rewards are for example working conditions and status.  

After clustering user behaviors, the smart-cueing application uses an exploit-
explore strategy to generate suggestions based on users’ past physical activities and 
their preferences. This suggestions-generating strategy is based in different 
behavioral science theories:  

Figure 2: Porter-Lawler theory of motivation [37] 
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 Learning theory: According to Skinner [38] complex behaviors can be 
learned gradually through the modification of simpler behaviors. 
Reinforcement and imitation are relevant factors in this theory to develop 
complex behavior.  

 Social cognitive theory: This model presents the capacity to exercise 
control over the quality of one’s life is the basic of humanity. The main 
factors include the temporal enlargement of agency through deliberating and 
a priori self-regulation by self-monitoring. The social cognitive theory 
distinguishes among the three modes: “direct personal agency”, “proxy 
agency” which relies on extern persons to act on one’s instruction to 
guarantee the desired outcomes, and “collective agency” performed through 
social equivalent and independent efforts [39], and  

 The Fogg Behavior Model (FBM): This model presents a new 
understanding of human behavior. According to this model, behavior is an 
interaction of the three main factors: motivation, triggers, and ability. The 
FBM suggests that, to perform a specific behavior, the user must a) be 
adequately motivated, b) have the possibility, and c) be triggered to perform 
the required behavior. All these three factors must occur at the same 
moment, otherwise the behavior is not able to happen. With the FBM it is 
possible to design and analyze persuasive technologies [40].  

The behavior analysis utilizes the learning theory to evaluate whether a person has 
the required skills to carry out the needed behavior [41]. 

2.3 Methodological Approach 

In order to be able to explain the methodological approach adequately, at first an 
overview of the self-monitoring system will be shown. Figure 3 depicts the several 
modules that structure the application. The characteristics of physical activity, such 
as duration, frequency and intensity will be detected by the accelerometer running 
the background [42]. Once sensed, the data is processed to estimate the activity 
levels defined as sitting, standing, walking, or biking. The output, in the form of 
feedback, messages and information, is updated according to the activity levels and 
all data will be streamed to the phone and on the device for a post-hoc review.  

 

The framework of the personal monitoring device with smart-cueing on progressive 
postural variation, sedentary time and associated health outcomes will be developed 
along three main dimensions [17]: 

Figure 3: System overview, adapted from [42] 
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 Individual and Environmental Monitoring: The monitoring platform 
includes a wearable sensor, for the acquisition of physical and behavioral 
attitude of the adolescent. 

 Feedback System: Providing feedback in terms of “health status” changes, 
such as a step count comparison and requiring actions to undertake, also 
personalized healthy options for alternative lifestyles. 

 Social connectivity and engagement: Sharing experiences in a community 
of peers through different gaming strategies. The smart-cueing algorithm 
considers three levels of engagement towards empowerment of employees 
in developing virtuous behaviors: awareness of risks, motivation, affective 
learning and finally behavior change.  

Figure 4 describes the background processing and output interface of the smart 
cueing algorithm as an overview.  

The first area which influences the algorithm is the data collected by the sensor. 
With this data it is possible to identify parameters of the acceleration (posture and 
movement) and the pressure. Through a survey, which will be collected in the initial 
phase, it will recognize differential parameters that effect the smart-cueing 
algorithm. The structure of the survey is categorized in the four main fields: BCTs, 
motivation, environment, and health. The field environment is divided into two 
parts. The first one identifies several parameters at work, e.g. type of employment, 
employment status, and on/off workdays. The second one detects usable factors at 
home, e.g. pets, number and age of children, and memberships in gyms or sport 
clubs. The health field identifies parameters like age, gender, weight and height and 
calculates afterwards the BMI. The survey tries also to identify the medical history 

Figure 4: Methodological Approach of the Smart-Cueing Algorithm, influenced by [14], [43] 
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of the user. The motivation field recognizes the different motivational approaches 
through asking the user about the duration, frequency and intensity of the different 
activities, e.g. exhausting, moderate and sitting, during the last seven days. The 
BCTs field tries to identify the different techniques that can be used to guarantee 
the highest probability of motivation. Based on these four areas it allows the smart 
cueing algorithm to determine the four main parameters; content, frequency, 
opportunities, and BCTs. Through this, it is possible to send a message to the user 
at the right time and situation to change and improve their behavior. 

2.3.1 Literature Search 

This chapter focuses on the systematic literature searches which were conducted in 
the between September 2017 and January 2018 in the following five databases: 
SpringerLink, Google Scholar, PubMed, ScienceDirect and Web of Science. The 
search was limited to English and German language literature, and publication 
between 01 January 2006 and 31 October 2017. It is unlikely that app interventions 
were developed before 2006/2007 when smartphones were introduced. The 
complete protocol of research can be found in the appendix in chapter 7.1. 

2.3.2 Survey Creation 

This chapter deals with the methodological aspects relevant to this thesis for the 
collection of basic data from the user. A written questionnaire is used, which will 
be presented on the screen of the application. The evaluation is then carried out via 
statistical methods and qualitative content analysis. The survey is divided into the 
five parts to get specific variables and parameters [44]:  

 Personal information (including age, gender, weight, height); 
 Medical history (including recent and chronic diseases, pain during 

work); 
 Sports-related information (including participate in sport, memberships 

in gym/sports club, activities per week); 
 Job-related information (including employment status, type of 

employment, workdays, duration of workdays, workplace activities, 
opportunities of activities); 

 Movement behavior and motivation (including identification of the 
BCTs, preferences, adherences). 

The purpose of the survey is to identify current information on the mental and 
physical health of the user and their intention and motivation to change their 
behavior, to be used in the evaluation of their answers and to examine possible new 
health initiatives and BCTs. The high-level objectives of the survey that drove its 
design include [45]: 

 Physical and mental health: Monitoring of the physical and mental 
health of the user and the prevalence of selected long-term health 
conditions and diseases. 

 Risk and protective factors: Monitoring of the prevalence of risk 
and protective factors associated with these long-term health 
conditions. 

 Examine differences between population groups: Defined by 
personal information like age, gender and marital status. 
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 Monitor trends and emerging issues:  Health-related 
characteristics will be monitored including health status, risk and 
protective factors. 

 Measure key health outcomes: Monitoring before and after policy 
changes and interventions. 

2.3.3 Types of Behavior Change Techniques  

In this chapter the different BCTs will be defined and demonstrated. An 
increasingly prevailing method to analyze the content of mHealth apps is to 
program them with guidelines for the usage of BCTs, or approved lists of specific 
BCTs, or other approaches to behavioral intervention [17]. BCTs are defined as the 
“observable, replicable” components of behavior change interventions. For a full 
explanation, see chapter 2.1.4. 

Through an example from the literature review, several criteria will be evaluated to 
identify relevant BCTs for this concept. Based on these findings, the different BCTs 
will be divided into different modules.  

Figure 5 shows a study from New Zealand in 2014 [45]. The purpose of the study 
was to investigate the existence of BCTs in physical activity and dietary 
applications, and to determine how dependably the taxonomy checklist can be used 
to recognize different BCTs in smartphone applications. In this study, the 20 
highest-ranked paid and free physical activity or dietary behavior applications from 
the Apple App Store in New Zealand. The apps were from the “Health & Fitness” 
category, and were downloaded and tested on an iPhone [45]. Independent 
reviewers tested each application for the existence of BCTs through the usage of 
the classification checklist of BCTs in Figure 5. To evaluate the listed BCTs, the 
Krippendorff’s alpha coefficient [46], a statistical measure to involve complex 
calculations, was used [45]. 

The most frequently included BCTs were “provide instruction” (83% of the apps), 
“set graded tasks” (70%), and “prompt self-monitoring” (60%). Techniques such as 
“teach to use prompts/cues”, “agree on behavioral contract”, “relapse prevention” 
and “time management” were not found in the reviewed applications [45].  
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Figure 5: Spreading Behavior Change Techniques from the New Zealand Apple App 
Store Health & Fitness category [45] 

After an extensive literature review and evaluation of the BCT, the three main 
modules “Gamification”, “Goal setting and planning” and “Education” will be 
defined and explained. To substantiate the chosen structure, Locke [47] will be 
considered. This was a longitudinal study, which took place over a period of 30 
years, in which an approach to identify the relationship between conscious 
performance goals and performance on work tasks was developed. This approach 
is contrasted with previous approaches to motivation theory which stressed 
physiological, external or subconscious causes of action with the use of the goal 
setting theory.  

In this chapter the review and evaluation of the chosen BCTs will be explained and 
shown. 

Goal Setting and Planning 

In this chapter the BCTs in the module “goal setting and planning” will be 
explained. It includes concepts such as the setting of goals and the planning of 
specific movements. The purpose of this module is to motivate test subjects through 
the setting of their own goals and the creation of a movement schedule to plan more 
active behavior.  

According to Locke [45], the difficulty of the goal correlates with greatness of 
achievement. The more specific or explicit the goal, the more precisely the action 
is performed. Further, it is suggested that objectives influences planning in general. 
The quality of planning is mostly higher than that which occurs without setting 
goals. When people have goal or task-based plans as a result of training or 
experiences they will be activated automatically when confronted with a 
performance goal. Recently gained plans or strategies will mostly be used under the 
encouragement of specific, difficult aims. Purposes of an action also attend as 
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standards for self-satisfaction, with stronger aims demanding higher achievements 
in order to attain self-satisfaction than simple objectives [45].  

 

Gamification  

In this chapter the BCTs in the gamification module will be explained, it includes 
concepts like self-monitoring, social support and social comparison.  

According to Locke [45], strong engagement to objectives is attained when the 
individual is confident that the aim is substantial and the individual is convinced 
that the goal is achievable. This can be reached through BCTs like self-monitoring 
and self-reflection, with the use of common gaming concepts such as giving coins 
as rewards for completed movement sessions. Locke [45] also suggests that goal 
setting and achievement is most effective when there is feedback showing progress 
in relation to the aim. 

BCTs Key Targets Use as Source 

Goal setting 

• Set a behavior change goal: stopping 
smoking or cutting down 

• Prompt participants to affirm 
commitment to their selected goal 

• Review goal and advise participants 
to consider modifying it if needed 

Selection of daily goals for number of 
activities and types of activities [61] 

Planning of 
action and 
movements 

Prompt detailed plan of performance of the 
behavior, must include personal information, 
context (e.g. environmental or internal) 
frequency, duration, and intensity. 

A reminder alarm, which is set to do 
some movements at a specific time 
every day. 

[60] 

Prompt/ 
cues 

Specification of personal data, information and 
introduction or definition environmental or 
social stimulus with the purpose of prompting 
or cueing the behavior.  
The prompt or cue occurs at the time or place of 
the specific performance. 

A reminder alarm ringing to prompt the 
user to some movements like e.g. 
walking, running, biking. 

[17] 

Behavioral 
practice/ 
rehearsal 

Prompt practice or rehearsal of the behavior one 
or more times in a context or at a time when the 
performance may not be necessary to increase 
their habits and skills. 

Instruct user to create and use specific 
movement schedules. [17] 

Table 1: Behavior Change Techniques including the concept of goal setting and planning 

Table 2: Behavior Change Techniques including the concept of Gamification BCTs Key Targets Use as Source 

Self-monitoring 
Method for the continuous monitoring of the 
individual and recording their behaviors as 

part of behavior change strategies. 

A dialog box or pop up window that 
allows users to record whether they took 

or skipped their movement. 

[59] 

Feedback on 
several 

behaviors 

Monitor and provide informative or 
evaluative feedback on performance of the 

behavior. 

A chart or graph that displays the user’s 
adherence levels. 

[59] 

Social support 

Advice for better and higher amount of 
movement. 
Provide convivial support, noncontingent 
accolades. 

A function to alert another person such as 
family, a caregiver, or an advisor when 
movements were skipped repeatedly. 

[17], [45] 
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Education 

In this chapter the BCTs in the education module will be explained, including 
concepts like instructions to perform several behaviors and information about 
potential health consequences.  

The purpose of this module is to motivate test subjects through information about 
potential health risks and opportunities to improve their behavior and the 
performing of their habits. According to Locke [45], goal-setting and goal-related 
mechanisms can be trained or adopted in the abstraction of exercise for the aim of 
self-regulation. 

 

2.3.4 Tone and Content of Message 
In this chapter the tone and the content of the push notification, which will be shown 
on the application, will be described. According to Morrison et al. [42], push 
notifications offer a structured method to raise the engagement with smartphone 
based health interventions. The potential for digital interventions to effect positive 
behavior change has been evidenced in a number of health domains for short- and 
long-term behavior change [48]. The idea of cueing prompts (e.g. through SMS, 
emails or push notifications) has been shown to motivate the initial enrolment for 
health behavior change interventions [49], particularly when prompts contain 

Social 
comparison and 

competition 

Draw attention to the performance of others to 
create comparison and competition with the 

person’s own performance. 

A graph comparing the user’s progress to 
other users, colleagues, family, or friends. 

[43] 

Bets, quests, 
rewards Challenge the user to achieve their goals. 

Punishment as a motivation factor. Use of 
the psychological aspect that a loss of 

(e.g.) money is a far stronger drive than 
profit. 

Rewards for performance of completed 
movement sessions. 

[58] 

Table 3: Behavior Change Techniques including the concept of Education 
BCTs Key Targets Use as Source 

Information 
about the 

antecedents 

Provide information about antecedents like 
information about job, diseases (e.g. broken 

leg). 

A dialog box or pop up window 
allowing users to enter and save reasons 

for skipping movements. 
[17] 

Instruction on 
how to perform 

a behavior 

Advice, instruction or agreement on how to 
perform the behavior. 

Advice, videos and pictures for optimal 
movements, such as distance, intensity, 

or type of exercise. 

[16] 

Information 
about potential 

health 
consequences 

Provide information (written, verbal or visual) 
about health consequences of performing or 

not performing the behavior. 

Information about the health benefits 
(e.g. burnt calories) of adherence but 
also about risks like cardiovascular 
disease, cancer, and type 2 diabetes, 

e.g. with a graph about disease 
prevalence. 

[5], [17] 

Demonstration 
of the behavior 

Provide an observable example of the 
performance of the behavior, directly in 

person or indirectly, e.g. via film or pictures, 
for the person to aspire to or imitate. 

Pictures of a completed movement 
schedule and video demonstration of its 

use. 
[45] 
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feedback, suggestions, theoretically-informed content and BCTs [50]. Feedback 
will be assigned to one of the following three categories: a) numeric summaries 
(e.g. step counts), b) tailored suggestions that only adapt to personal characteristics 
(e.g. age, gender) and overall behavior (e.g. daily calories burned), and c) 
visualizations that incorporate little processing [19]. 

According to the behavioral models in chapter 2.2, prompts may provide the 
necessary trigger to engage with intervention content in comparison to educational 
based prompt content may provide motivation [42]. Based on the inputs of the user, 
four situations will be defined: “Work”, “Home”, and “Other”. The influential 
factors of tone and content are user characteristics (e.g., cognitive load), 
interruption properties (e.g., notification content) and the local environment [42]. 
Based on their preferences the tone of the messages will be positive, neutral or 
drilling.  

 
Figure 6: Decision process for push notifications [51] 

For push notifications a sequence of up to four decisions will be observed, shown 
in Figure 6 [51]: 

 D1: In the first step the application tries to gain the user’s attention through 
sound, vibration or visual cues. Depending on the current status of the 
device, it may cause no reaction (e.g. if the device is in a bag).  

 D2: In the second step the user has made the decision to react, e.g. turning 
the screen on. Based on this information, the user then decides to focus their 
attention to the content summary which is shown on the notification of the 
application or decline and continue with their current activity. 

 D3: In the third step the user makes the decision to read the whole message 
by consuming the notification and entering the application or exit and go 
back to their previous activity.  

 D4: In the final step the user decides whether to act or react on the cue. D4 
may not apply to all notifications. 

2.3.5 Evaluation of the Machine Learning Approach 

After a literature review, the chosen functionalities for the machine learning 
approach will be explained in this chapter. Push notifications offer an encouraging 
strategy to motivate people with smartphone-based health interventions. Sensor-
driven ML models have the potential to advance the timing of notifications by 
adapting the delivery to the current context of an user (such as their location) [42]. 

According to Morrison et al. [42], it is unclear how well these discoveries explain 
the understanding of notifications or changes in health behavior context, where the 
motivation of the test subjects to attend to the content of the prompts may differ. 
Adjusting the delivery of notifications or reminders to times labeled by the user as 
convenient also places avoidable anxiety on the subjects. Evidence suggests that 
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subjects are not able to anticipate timeframes in which they will be available or 
amenable to receiving notifications, and that appropriate situations are not 
necessarily consistent each day. 

Sensor-driven, “intelligent” ML algorithms can influence the timing and content of 
the prompts to adapt to the subjects' current framework (e.g. habits or social 
interaction) or health state (e.g. state of mind, or physical state). To guarantee that 
the user is engaging with the content of the sensor-driven prompts, an essential point 
is whether collected data from the sensor have the possibility to determine when 
subjects are able and willing to act to a prompt [42]. Finally, Morrison et al. [42] 
suggest that no investigation has yet explored the effect of smartphone application 
notifications driven by wearable sensors in a public health context.   
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3 Results 
In order to be able to optimally solve the research questions that were conducted in 
this thesis, this chapter focuses on creating a wide overview of the developed 
concept including an explanation of the structure and the functionalities of the 
cueing algorithm. Furthermore, the “gold standard” for the cueing frequency will 
be defined and the concept of smart-cueing will be shown. Finally, an overview of 
the application will be described and, based on an example, its functionalities will 
be shown and compared to another application. 

3.1 Overview of the Smart-Cueing Algorithm 

In this chapter an overview of the structure and functionalities of the smart-cueing 
algorithm will be explained in text and visually. The idea of the smart-cueing 
algorithm is to receive the acceleration and pressure data from a sensor to determine 
the activity of the user. Based on this information the algorithm sorts out the 
potential individual opportunities during a specific time and position each day 
which will be detected via smartphone. The individual opportunities will be inserted 
by the user in the baseline survey, e.g. if he/she has the possibility use stairs instead 
of the elevator. The position will be detected by the GPS data from the phone and 
the time variables are divided into time of day and weekday vs weekend. The next 
step is to compare the weekly goals of the user to a “golden standard”, a guideline 
consists of a combination of an evaluated literature review and the preferences of 
the user. As an example, a person who, according to the data from the sensor, sat 
for over 95% in the last hour. From the sensor data, the cueing algorithm sorts out 
the potential possibilities to trigger the user to increase their activity. The tone of 
the message follows the preferences of the subject, see chapter 2.3.4. The type of 
the prompted message can be divided into the three different main areas, the 
theoretical background of which can be found in chapter 0:  

 Goal setting and planning (e.g. suggestions, reminders, snooze) 
 Gamification (e.g. feedback, rewards, quests, social comparison) 
 Education (e.g. information about potential risks and health consequences) 

The next step is to figure out whether the user has followed the prompted cue or 
not. If not, it must be determined whether the “snooze” button was pressed. If so, 
the participant receives a reminder after a predefined time. If there was no 
significant increase of the activity and no reaction of the subject the algorithm 
modifies the cues and prompts the user again to change their activity level. An 
overview is shown in Figure 7. 
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The development of the cueing platform will be guided by operationalizing 
constructs from social cognitive and self-regulatory theories (e.g. education, goal 
setting, self-monitoring, feedback on behavior) which are consistently identified as 
important drivers of behavior change, see chapter 0. The platform of the application 
has six sections as detailed below: a) My Profile b) Example of a cue c) Dashboard 
screen d) Postural shift screen e) Daily Feedback screen f) Achievements screen. 

3.2 Cueing Frequency  

In this chapter a systematic literature review was performed to figure out a standard 
for the cueing frequency. According to Morrison et al. [43], a user can receive up 
to 50 notifications per day from different applications. Explorations also have 
shown that sending push messages in different formats (e.g. SMS and e-mail) may 
increase contrary effects on wanted actions associated with the usage of just one 
medium. To increase the attendance to intervention notifications it is important to 
classify the influences that improve or undermine responses to notifications. 
Notifications are most effective when users have control over if, when, and how 
they are delivered, and when messages are received at appropriate times that do not 
disturb daily habits. Applications also will be quickly rejected if perceived prompts 

Figure 7: Overview of the prompt algorithm, adapted and visualized from [20], [43]  
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are irritating or intrusive. To improve the potential impact of notifications it is 
important to calculate a) the optimal time for users to follow and respond to 
notifications; b) the number of notifications that is ideal to increase engagement. 

According to a 2016 survey, receiving between two and five push messages per 
week through standard applications resulted in 46% of the participants disabling 
push notifications [53]. 32% of respondents would stop using the app altogether if 
they received between six and ten messages during a week. Consistent with Fry et 
al. [54], periodic prompts and reminders in health promotion and health behavior 
interventions increases the effectiveness of programs aimed at reminding people to 
adopt healthy behaviors, maintain those they already practice, and cease unhealthy 
behaviors. 

To combine both approaches, in 2017 Morrison et al. [43] used an exploratory 
mixed-methods study to examine the potential impact of timing and frequency on 
notification response and usage of a smartphone-based stress management 
intervention. The participants were randomized to use a version of the stress 
management intervention that provided, amongst other things, intelligent 
notifications to change their behavior and improve their health. The response to the 
notification and usage of the application were constantly and automatically 
recorded. They reported that the optimal number of notifications was seven per day. 
It is difficult to objectively evaluate whether an action is done as a part of regular 
activities or as a consequence of a notification. It is necessary to know how many 
recommendations subjects want to follow in order to record the attitude and 
intentions of the subject. According to Rabbi et al. [20], it shows that attitudes or 
intentions often indicate 19-39% of future behavior.  

3.3 Machine Learning Approach 

In this chapter, the chosen functionalities of the ML approach will be shown. Smart 
sensor-driven ML algorithms enable “the timing and content of notifications to fit 
with and adapt to the users' current context (e.g. location, physical activity, social 
interaction etc.) or health state (e.g. stress, mood, physiological functioning)” [43]. 

To guarantee the content of “smart” notifications an essential question is whether 
the data from the sensor can detect when subjects are able and willing to act to a 
prompt. The approach is based on three main variables [43]: 

 location (GPS),  
 movement (accelerometer), and  
 time of day (clock).  

According to Morrison et al. [43], for each user a model of the extent to which the 
user is happy to be notified is built over a learning period. It should include the 
mentioned variables, through the usage of a Naïve Bayesian classifier that 
recognizes a relationship between context of the cues and the likelihood of prompt 
response. Initially, the intervention application created by Morrison et al. [43] 
grouped and averaged the GPS coordinates of the user within specific time-frames 
to recognize “home”, “work” and other locations. Coordinates beyond 500m from 
these locations were categorized as “other”. Accelerometer data from the sensor in 
X, Y, and Z axes were recorded for 60 seconds within a 20-minute sampling 
window. Under usage of previous activity recognition and analysis research, the 
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mean intensity, variance and the mean crossing rate of acceleration were calculated 
from the raw data to deliver a proxy measure of activity. It also utilized time-based 
variables such as hour of day, and calendar-based variables such as weekend and 
weekday. The structure labels the approval of a prompt response as either yes (1) 
or no (0), established from the associated values of the detected variables. A prompt 
will be triggered if a yes value was returned (i.e. a notification response was useful). 
The relative weighting of each notification response within the classifier changes 
between subjects, in this case the model with be personalized to each user [43]. 

3.3.1 Multi-Armed Bandit (MAB) 
Given these considerations, the application MyBehavior created a similar approach 
which will be used for the SmartAcivityLogger to address some weak points of 
existing mHealth interventions. MyBehavior utilizes the ML model “multi-armed 
bandit” (MAB) to mechanically generate contextualized and personal tailored 
recommendations based on users’ physical activity and nutrition habits through 
collected data from a mobile phone and a sensor. Furthermore, MyBehavior is one 
of the initial mHealth applications which were designed based on established 
behavioral theories, see chapter 2.2. As such, the application reflects and integrates 
the current state of the behavioral science research about how to reach a healthful 
behavior change. Based on effective BCTs, MyBehavior offers low-effort 
recommendations that apply minor changes to individuals existing frequent actions 
[20]. According to Rabbi et al. [20], the MyBehavior application is the first mHealth 
app that inspires vital behavior changes through sending low-effort 
recommendations based on the context and personal environment of the participants 
automatically.  
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3.4 Implementation of the Smart-Cueing Algorithm  

In this chapter the procedure of the implementation of the smart-cueing algorithm 
will be explained and shown. 

3.4.1 Definition of the Phases for the Implementation 
First of all, the different phases for the implementation of the smart-cueing 
algorithm will be defined and explained.  
Table 4 shows the defined phases and the tasks which need to be implemented. 

 
Table 4: Phases of the smart-cueing algorithm 

 Phase 1 Phase 2 Phase 3 

Survey 

• Baseline (personal 
information, medical 
history, environment, work) 

• Daily (cueing Frequency, 
content of cues) 

• Weekly (cueing Frequency, 
content of cues) 

• Final (did behavior change 
techniques work, 
suggestions) 

  

Cues 

• Simplified cueing system 
for work: 1 Goal morning, 1 
Suggestion morning, 4 
suggestions 1 education, 1 
Feedback evening 

• Baseline Cues for the mode 
“Work” 

• Tone (positive/ neutral/ drill 
sergeant) 

• Manual Varying of cues 

• Extend cues for the 
modes “Work”, “Home”, 
“Commute”, “Leisure 
time” 

 

 

Behavior 
Change 

Techniques 

Gamification: 
• Self-Monitoring/ Feedback 
• Baseline stars 

Education 
• Basic Education  

Goalsetting/Planning 
• Goalsetting (e.g. 

Movements during work) 
• Goal planning (movement 

schedules) 
 

Gamification: 
• Quests 

Education:  
• Information about the 

Antecedents  
• Instruction how to 

perform behavior 
(videos/pictures) 

• Information about 
potential health 
consequences 

• Information about burnt 
calories 

Gamification:  
• Bets,  
• Quests,  
• Financial 

rewards 
• Social 

comparison/ 
competition 

Location/Time/
Other 

• GPS 
• Step Count 
• Posture Detection based on 

reset time after each new 
posture 

• Time Variables: Time 
variables were hour of day 
and weekend versus 
weekday 

• Manual Weighting of 
variables: Setting screen 

Notification: 
• Rating of Notifications 

and Cues (thumbs up, 
thumbs sideway, thumbs 
down) 

Automatic Weighting of 
variables: 

• The relative weighting of 
each sensed variable 
within the classifier 
varied between users.  

 Calendar (input 
of meetings and 
other 
appointments) 

 Weather 
forecast 
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3.5 Phase 1 

In this chapter phase 1 of the implementation of the smart cueing algorithm will 
be explained. IT will last from January 2018 until February 2018. 

3.5.1 Survey  
For the data collection of the test subjects four 
different surveys will be defined. The surveys are 
created in Qualtrics. The software enables users to 
collect and analyse data from test subjects. 

 Baseline Survey (Personal information, work, 
home, leisure time, tone 
gamification/motivation) 

 Daily Survey (Likelihood of the cues, relation 
to life, personal preferences, daily health 
status, suggestions) 

 Weekly Survey (After one week the daily 
survey will be replaced through the weekly 
survey, the content will be similar) 

 Monthly Survey (Likelihood of the cues, 
relation to life, personal preferences, daily 
health status, suggestions) 

The Surveys will have to be reviewed by the 
Institutional Review Boards (IRBs) for the University 
of California, Berkeley. The primary mission of the 
IRB is to ensure the protection of the rights and 
welfare of all human participants in research conducted by university faculty, staff, 
and students. The surveys will be sent by email. 

3.5.2 Simplified Cueing System 
In this chapter the simplified cueing system will be introduced and explained. It 
will be limited to the mode “work”. Main variables for the cues will be a step count 
and posture detection by the sensor. Time and GPS variables will be implemented 
to detect the location and time where the participating subject is usually at work. 

The idea of the simplified cueing system is to detect postures of the subject and 
send specific cues. After the posture has been changed, the timer will be reset. The 
goal is to reach 2-3hours of standing time for each working day, starting with 5 
minutes standing time per hour. The purpose of Phase 1 is to measure the likelihood 
of the subject of the chosen cues. Table 5 shows the chosen cues which will be sent 
after a specific duration of activities. 

Cues  Mode Opportunity Variables BCT 
Hey John Doe, you’ve been sitting for 
one hour now. Time to stand up, go 
for it! 

Work  Activity = 
‘low’ 

Suggestion 

Hey John, what about climbing the 
stairs instead of using the lift? 

Work stairs  Suggestion 

Table 5: Simplified Cueing System 

Figure 8: Baseline Survey, 
created by Qualtrics 
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Hey John Doe, you should use your 
sit/stand desk more. Go for it! 

Work Sit/stand desk Activity = 
‘low’ 

Suggestion 

Hey John Doe, what about using the 
gym during the break? You could 
maybe use the cross trainer/treadmill, 
you’ll feel more refreshed and 
productive! 

Work gym Activity = 
‘low’ 

Suggestion 

Hey, I see you have some fitness 
gadgets in your office, why don’t you 
use them? 

Work gadgets Activity = 
‘low’ 

Suggestion 

Hey John Doe, what about running 
this afternoon after work? 

Work   Suggestion 

Hey John Doe, you’ve been sitting for 
one hour now. Time to stand up and 
move! 

Work  Activity = 
‘low’ 

Suggestion 

Hey John, you only have ___ steps, 
recent studies have shown that the 
ideal amount is 10.000 steps par day. 
Go for it! 

Work  Activity = 
‘low’ 

Suggestion 

Hey John, according to my data, your 
standing time is pretty low. Come on, 
go for a walk! 

Work  Activity = 
‘low’ 

Suggestion 

Hey John, you should have at least 
4hours standing time per day. You 
have XX minutes now. Come on, go 
for a walk! 

Work  Activity = 
‘low’ 

Suggestion 

Hey there, you forgot to get up this 
hour, next hour you can do it better. 

Work   Reminder 

You already pushed the snooze button 
[two] times. Come on, time to stand 
up and move! 

Work   Snooze 

Hi there, I see that you push the 
snooze button a lot. Come on, don’t 
be so lazy! 

Work   Snooze 

Hey John, according to my data you 
were way more active last 
week/yesterday. Come on, don’t be so 
lazy! 

Work  Activity = 
‘low’ 

Feedback 

Hey John, according to my data you 
were pretty active this week/today. 
Well done, keep on going! 

Work   Feedback 

Hi John Doe, you (almost) got up 
every hour today, well done! 

Work   Feedback 

Well done, you made it another hour! Work   Feedback 

Hey John, according to my data you 
wanted to move more. You still 
haven’t reached your goal yet. Come 
on, improve yourself! 

Work  Activity = 
‘low’ 

Feedback 

Hey John, I see you’re moving. Well 
done, keep going! 

Work  Activity = 
‘high’ 

Feedback 

Did you know how many calories 
Are Burned on a 20-Minute Bike 
Ride?  

a) The number of calories you 
burn biking in 20 minutes 
depends on how much you 
weigh and how fast you cycle. 
A leisurely bike ride of 10 
mph or less will burn fewer 
calories than cycling faster in 

Work   Education 
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a 20-minute period. [1] 
Take as an example a 150 lb person 
who is biking at less than 10 mph. He 
will burn 90 calories in 20 minutes. 
By increasing the speed to 12 to 14 
mph, that person will burn 198 
calories in 20 minutes.  
Do you know how you can improve 
your standing time? 

• Stand while talking on the 
phone or eating lunch. 

• If you work at a desk for long 
periods of time, try a standing 
desk. Alternatively, 
improvise with a high table or 
counter. 

• Walk laps with your 
colleagues rather than 
gathering in a conference 
room for meetings. 

Position your work surface above a 
treadmill — with a computer screen 
and keyboard on a stand or a 
specialized treadmill-ready vertical 
desk — so that you can be in motion 
throughout the day. 

Work   Education 

Did you know that a new study has 
shown that long sitting times have 
disastrous consequences for the 
health of sedentary people? 
To improve your health, it is very 
important to get up each hour and go 
at least 2 minutes. Hourly walking for 
2 minutes reduced the mortality risk 
in this study by more than 30%. 

Work   Education 

 

3.5.3 Behavior Change Techniques 
In this chapter the symbols for the BCTs will be shown. Furthermore, the manual 
setting screens for the frequency, BCT and tones will be visualized. Table 6 shows 
the chosen symbols for the main BCT areas gamification, goal setting and planning 
and education. 

 

 
 

Table 6: Symbols for BCTs 
BCT Types of Cues 

Gamification 

Feedback  
Rewards 
Quests 
Comparison (own, social) 

Goal setting/planning 

Suggestion 
Reminder  
Snooze 

Education 

Education 
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Manual Setting of Frequency and BCTs 
In this chapter the manual setting of the cueing frequency and the BCTs will be 
shown in Figure 9. It is possible to do a manual setting of cues per day, the 
recommended standard is eight until ten cues per day, see chapter 0. 
Based on the preferences of the user, the set cueing frequency can be manually split 
into the three categories goalsetting and planning, gamification and education. 

 
 
 

Gamification 
In the mode gamification self-monitoring, baseline feedback and reward system 
will be implemented. It includes step count and hours stand per day. 

Education 
In the mode education a baseline education system will be implemented in phase 1. 
It includes information about potential health risks and the number of calories which 
will be burnt during a specific activity. 
Video and picture education will be implemented in phase 2. 

Goal Setting and Planning 
In the mode goal setting and planning a baseline goal setting and planning system 
will be implemented. It includes simple goal setting, e.g. number of movements 
during work and movement schedules, which can be adapted manually. 

3.5.4 Location/Time/Other 
Figure 10 shows the opportunities of movement during a regular workday. The 
subject has the possibility to insert manually their opportunities and preferences of 
movement during work. 

Figure 9: Manual Setting of BCTs and Cueing Frequency 
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Therefore, the main variables of opportunities are Stairs, sitStand, breaks, 
colleagues_meeting, colleagues_lunch; movement_inWork; walking_meeting, 
standing_meeting, fitness_gadgets, other. 

3.6 Phase 2 

During my stay in Berkeley, Phase 2 was not implemented. The milestones of this 
Phase will be shown in Table 4. 

Tone(s) 
This chapter focuses on the different tones which the user is able to choose, see 
Figure 11. It includes the selection of at least two of them and track changes of the 
preferences of the user. 

 
 
 

 Positive Encouraging: Hi there, I just want to remind you to go by bike 
tomorrow! Keep going! 

 Neutral: Go by bike tomorrow. 

Figure 10: Opportunities during work 

Figure 11: Selection of tone(s) 
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 Drill Sergeant: Hi there, I just want to remind you to go by bike tomorrow 
or do you not want to reach your goals. 

Opportunities 

Opportunities Commute 
Figure 12 shows the opportunities of movement during a regular workday. The 
subject has the possibility to insert manually their opportunities and preferences of 
movement for commuting. 

 
 
Therefore, the main variables of 
opportunities are noCommute, car, train, bus, bike, walk. 

Opportunities Home 
Figure 13 shows the opportunities of movement during a regular workday. The 
subject has the possibility to insert manually their opportunities and preferences of 
movement at home. 

 
 
 
Therefore, the main variables of opportunities are garden, light_housework, 
heavey_housework, play_with_kids, dog. 

Opportunities Leisure time 
Figure 14 shows the opportunities of movement during a regular workday. The 
subject has the possibility to insert manually their opportunities and preferences of 
movement during leisure time. 
 

Figure 12: Opportunities Commute 

Figure 13: Opportunities Home 
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Therefore, the main variables of opportunities are gym, walk, jogging, cycling, 
memberships, other. 

3.7 Phase 3 

During my stay in Berkeley, Phase 3 was not implemented. The milestones of this 
Phase will be shown in Table 4. The period of time for the implementation will be 
from march until August 2018. 

3.8 Overview of the SmartActivityLogger Application 

In this chapter, a graphic overview will be shown and explained. As outlined, the 
application aims to enable users to: 

 calculate burnt calories in specific behaviors and to track sitting, standing 
and walking over time; 

 gain feedback on how increasing movement impacts health;  
 set goals to increase their activity, which are related to their lifestyle and 

habits. The purpose is to obtain supportive notifications when specific 
achievements are reached; 

 detect geographic locations (e.g. “home”, “commute” or “work”) where 
participants may require additional support to reduce sedentary behavior. 

The application initiates the subjects’ supportive messages when these locations are 
reached (e.g. “You are near to your work, why don’t you get of one station earlier 
and walk the remaining route?”) as an effort to reduce sedentary habits. 
Figure 15 delivers an overview of the interface of the SmartActivityLogger 
application, including the postural shift screen, movement feedback screen and 

Figure 14: Opportunities Leisure Time 
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functionalities containing the app. Chapter 0 summarizes the specific BCTs which 
will be embedded into the application. 

 

3.9 Example Application 

In this chapter, the smartphone app MyBehavior is introduced and shown as an 
example for behavior change based on smart cues. This application uses a novel 
approach to create individual feedback of personal health. It integrates current 

Figure 15: Overview of the SmartActivityLogger adapted from Attwood et al. [54] a) My 
Profile b) Example of a cue c) Dashboard screen d) Postural shift screen e) Daily Feedback 
screen f) Achievements screen 
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behavior tracking approaches with processes that are used in suggestion-based 
systems. MyBehavior picks up the dietary and physical behavior of subjects and 
tactically recommends behavior changes to improve to get a healthier lifestyle. The 
application uses a decision-creating algorithm MAB to create suggestions which 
are simple for the user to adopt and perform. In addition, the system sorts out the 
preferences of the participant to encourage performance using the pareto-frontier 
algorithm. 

3.9.1 Functionalities 
Figure 16 shows the functionality of the MyBehavior application, it transforms 
logged data into individual personalized health suggestions. It is divided into two 
different segments: behavior mining and logging component to detect behaviors, 
and an automatic recommendation creating component that uses behavioral data to 
increase the probabilities of heightened activity levels and calorie loss. 

 
 

Figure 17 visualizes different recommendations created by the MyBehavior 
application. For recommendations created by the exploit-explore strategy (see 
Figure 16), the application tries to continue positive activities (i.e. consuming 
healthy food or exercise) or suggest little changes in specific situations (i.e. 
sedentary behaviors) or prevent negative habits (i.e. continuous stationary 
behaviors). During the exploration stage, the system tries to consider new 
suggestions to improve the behavior to generate a personalized profile. Figure 17 
visualizes recommendations for physical activity and nutrition habits. It includes 
potential burnt calories and the calorie content of different meals [19]. 

Figure 16: MyBehavior suggestion generation process [19] 
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3.9.2 Balance between Low-Effort and Preference 
The MyBehavior application allows participants the control to modify their 
suggestions. This is realized by allowing the participant to skip recommendations 
if the user has no tendency or is unable to follow the recommended behavior in 
specific situations. To reach this, the user swipes from left to right and deletes 
unwanted kinds of notifications (Fehler! Verweisquelle konnte nicht gefunden 
werden.a), a deleted notification will never be shown in the future. Furthermore, 
MyBehavior allows the user to reorganize their recommendations according to their 
preferences (Fehler! Verweisquelle konnte nicht gefunden werden.b-c). For 
example, a user who wants to do exercise in a gym even though they participated 
previously is able to move the gym category (which includes several suggestions 
connected to the gym) to the top of the ranking. Through this a preferences-based 
ranking will be created in addition to the recommendations generated by the 
application. Considering this information, a concluding ranking will be defined 
which uses both components according to Fogg’s behavioral model (see chapter 

Figure 17: MyBehavior application screenshots a) a set of activity suggestions b) a set of 
food suggestions [19] 
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2.2). Both the preferences and skills (i.e. perceived level of effort) of the user are 
significant aspects in how executable a recommendation could be [19].  

Under usage of Fogg’s behavior model, a principled method in choice theory named 
pareto frontier will be considered to balance between low-effort and preference. 
The process of suggestion ranking works iteratively as visualized in Figure 18. The 
variable X shows the pool of all available suggestions. After each iteration, an 
element of suggestions Xi is chosen that “pareto-dominates” the remaining 
suggestions. Xi is then ranked higher than the remaining suggestions and is deleted 
from the set of X. The process repeats until all values of X have been sorted. [19] 

 
  Figure 19: Ranking suggestion with pareto-frontier [19] 

Figure 18: Demonstration of notification prioritization (a, left) dismissing a suggestion by removal; (b, center) 
Moving a suggestion above; (c, right) Moving a suggestion below. Adapted from [20] 
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4 Discussion 
In this chapter, potential outcomes of the trial with the smart cueing algorithm are 
discussed. Also, the limitations and implications of the implementation and usage 
of this application are evaluated. According to a 2016 study [44], an “always-on, 
accelerometer-based” smartphone application is able to generate a significant 
increase in walking in relatively fit, young to early middle-aged men. On the basis 
of their findings, these behavior changes were not dependent on marital or 
employment status, whether they have children, or car ownership [44]. This 
suggests that this method may effectively be used for population sections who fail 
to meet physical activity targets. Technological development makes working and 
life at home increasingly sedentary. Such interventions can thus alert people to 
sedentary behavior and prompt them to counter this modification with changes to 
their daily performances [44]. 

4.1 Expected Outcome 

Eligible participants that have incorporated sit-stand workstations and a flexible 
open workspace design from a local large biotech company will be asked to attend 
the trial. Workers between the ages of 18-70 who work at least 30 hours per week 
onsite in a flexible workspace (sit-stand stations) will be included in this study. 
Exclusion criteria include any musculoskeletal (MSK) injury or medical condition 
that prevents a worker from standing for more than 20 minutes at a time.  

The independent variable is the personal postural monitoring device (P2MD) with 
smart cueing, versus a control group with no personal monitoring device at all. The 
P2MD smart cueing app provides daily up to the minute summaries of total, peak, 
and hourly average sitting and standing time. The postural change reminders are 
engaged when a person has been static for 45, then 60 minutes. If the worker cannot 
change postures they can choose a “snooze” button with 5, 15, 30, and 60-minute 
increments and indicating the reason for the snooze. However, as the day continues 
and the opportunity for standing decreases, the prompts will be more encouraging 
to help the worker meet their daily goal. The daily goal will vary based on the week-
long assessment of sit and stand time, such that no individual is asked to increase 
standing time more than 20 minutes the first day and 10 minutes each day afterward. 
The goal is to have each worker spend approximately two hours of the working day 
standing.  

The primary dependent variables include the number of postural shifts (change in 
postures), the total, peak and average duration spent sitting, standing, and being 
active (stairs, walking, etc.). Health outcomes include discomfort in the neck, 
shoulders, elbows, hand/wrists, low back, knees and feet and cardiovascular 
outcomes including 24-hour summaries of heart rate and blood pressure (resting, 
average, and peak heart rate). A baseline survey will collect data on demographics, 
health status, activity/exercise habits and dietary habits. According to the 
Encyclopedia of Research Design [56] covariates are similar to independent 
variables, it is complementary and related to the dependent variable. According to 
this encyclopedia, any variable that is “measurable and considered to have a 
statistical relationship with the dependent variable” can be used as a potential 
covariate. A covariate can be used as a possible predictive or explanatory variable 
of the dependent variable. Table 7 shows the independent, dependent outcomes and 
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the covariates. 

Categories  Outcomes Measure 
Independent 

variables 
  

 Objectively measured physical 
activity, sedentary behavior 

Accelerometer [57] 

 Smart-Cueing vs. normal cueing  Comparison of the smart-cueing algorithm with a normal 
cueing system through a control group. 

Variables 
characterizing 
notification 
response and 
intervention 
usage  

Notifications received Number of received notifications [43]. 

 Notifications viewed Number of notifications viewed (n) and the relation of 
notifications viewed relative to the number received 
(%).[43] 

 Notifications actioned The number of notifications (n) and the percentage of 
notifications (%) that were followed by the action 
suggested within the notifications [43]. 

 Response delay The delay (in minutes) between when the notifications 
was sent by the triggering system and when the 
notifications was viewed by the participant [43]. 

 Logins (n) The number of logins subjects opened the 
SmartActivityLogger app either impulsively or through a 
notification [43]. 

 Login duration The length of time (in minutes) that subjects used the app 
during each separate login [43]. 

 Total duration The time (in minutes) that subjects spent on the application 
[43]. 

 Days used The number of days on which subjects opened the 
application [43]. 

 Ceased use The number of subjects who ceased use of 
SmartActivityLogger two weeks after the initial download 
[43]. 

Dependent 
variables 

  

Subjective 
outcomes 

Self-reported physical activity, sitting 
time, sleep quality, sleep timing, pain 
(e.g. neck, back) 

Baseline survey [44], [45], daily phone survey [20]. 

 Health related quality of life Daily phone survey [20], [57] 
 Total energy intake per day Daily phone survey [20], [57] 

Goal setting-
related 

variables 

Social Cognitive Factors Interventions are guided by social cognitive and self-
regulatory theories, items are adapted “from previous 
research to assess the constructs of e.g. intentions, 
motivation, action planning, outcome expectations, 
behavioral strategies, social support, and self-efficacy” 
[57]. 
These items were modified to “align with the target 
behaviors of the interventions e.g. regular physical activity, 
sedentary behavior, regular sleep and wake times.” [57] 

Game 
behavior-

related 
variables 

 

Game behavior-related variables [58]: 
 

 Duration and frequency of game play 
 Preferences for game genres 
 Game motivations 
 Game engagement 
 Game addiction 

 Reward sensitivity [58] 

Table 7: Expected outcome of the trial, structure adapted from Duncan et al. [57] 
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Education-
related 

variables 

Education Information about the structuring of the education. 

OTHER Usability, Satisfaction System Usability Scale [57] 
 Anthropometrics and Blood Pressure Standard Protocols for Height, Weight, Waist 

Circumference, 
Blood Pressure [57] in combination with a smart watch. 

Covariates   
Objective 
Outcome 

Current Activity Accelerometer [57] 

Demographic 
information of 

participants 

Personal Environment (children (age, 
number), marital status) 

Baseline survey [44], [45]  

 Employment status Baseline survey [44], [45] 
 Type of employment (recent diseases, 

chronic diseases) 
Baseline survey [44], [45] 

 Participate in sport (exhausting, 
moderate) 

Baseline survey [44], [45] 

 Medical history Baseline survey [44], [45] 
 
4.2 Limitations  

In terms of limitations, the usability of the application was not considered, this was 
beyond the purpose of the current report. The concept, which reflects the presence 
of common and specific BCTs in applications, does not define how these BCTs 
could be implemented (e.g. in chapter 0 the feedback on several behaviors could be 
shown as an elementary calendar log or detailed graphs). Also, it should be 
mentioned that the structure of the BCTs were intended for the coding of behavior 
change interventions, not for the implementation of the application [18]. For 
example, it would be problematic to substitute the BCT “rewards” in chapter 0 as it 
requires physical objects and sponsors to be added to the application to reward 
performance of several behaviors. 

Although the present thesis delivers an overview of the content of the available 
applications in this time, future research needs to observe how BCTs can be 
combined and implemented in applications. For the investigation of the user 
experience of the application and their BCTs, a qualitative research is also required 
[18].   
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5 Conclusion and Suggested Future Research 
Society is now in a time where health and wellbeing can proactively be managed. 
As shown in this thesis, sensor technologies are performing an essential role in 
enabling us to recognize and realize wellness and the influencing aspects. Sensors 
have the possibility to identify behaviors such as sedentary lifestyle choices, eating 
and sleeping habits, and engaging in insecure behaviors that will negatively impact 
on our health and well-being [1]. 

Public Health England and a UK community interest company in 2013 invited an 
international group of experts to define guidelines for employers to support the 
avoidance of extended periods of sedentary work. According to the results of 
Buckley et al. [59] a “set of recommendations was developed from the totality of 
the current evidence, including long-term epidemiological studies and 
interventional studies of getting workers to stand and/or move more frequently”. 
The defined guideline is as follows: for employees who are mostly chair-bound, 
there should be the possibility to initially progress on the way to an accumulation 
of two hours per day of standing and light activity during working time, eventually 
increasing to a total accumulation of four hours per day. To attain this guideline, 
seated-focused work should be regularly broken up with standing-focused work, 
the usage of sit-stand desks, or the encouragement of short active standing breaks. 
Combined with additional health improvement goals (e.g. enhanced nutrition, or 
the reduction of stress, alcohol, and smoking), companies should also explain to 
their employees that longer sitting durations may significantly increase the potential 
risk of cardiometabolic diseases and early death [59]. 

To achieve this, applications like the SmartActivityLogger combined with a 
discrete sensor create the opportunity to motivate people to improve and change 
their behavior. Similar concepts like the MyBehavior application are already started 
using automated personalization schemes which differ from prior pervasive health 
research and literature. Applications like Ubifit or Be-Well on the other hand rely 
on general statistics (e.g. amount of activity per day) for providing feedback without 
personalized actionable suggestions. Previous literature on QS (see chapter 2.1.2) 
relies on visualizing personal data that participants must detect and record 
themselves. Concepts like SmartActivityLogger or MyBehavior, in comparison, 
break down the behavior and habits of each participant to find personalized 
suggestions [20]. According to Fogg’s behavioral model (see chapter 2.2), small 
effort is almost as important as motivation. Furthermore, earlier literature has 
focused on gamification, goal setting or self-regulation based on increasing user 
motivation. In earlier work low-effort suggestions were only provided through 
health coaches [16].  

In the future, wearables will be designed to be worn all the time with minimal 
physical impact on the wearer. This sensing approach will be reflected in 
opportunistic sensing, which will be achieved through smartphones, or the wearing 
of dedicated pieces of clothing. Although the integration of sensing abilities in 
smartphones will undoubtedly continue to rise, certain physical limitations of 
smartphones such as the size prevent them from being carried in every situation. 
For example, separate sensors may be used in the future for sport, during which a 
smartphone is cumbersome to carry. Therefore, pervasive connectivity will be an 
important key enabler. The trend of combining sensors with smartphones is 
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becoming ubiquitous; most sensors for fitness and wellness-oriented applications 
are already associated with free smartphone applications. Modern society will 
continue share personal data to attain specific goals, e.g. group support to sustain 
specific actions or expert analysis and feedback. Sharing personal information and 
data is also likely to have unexpected consequences in the future. Tracking data 
such as levels of nutrition and sharing this data may attract unsolicited interest from 
service providers such as insurance companies, something for which there is need 
to engage in the future. Currently, the majority of people share personal data 
without thoughts and understanding of privacy concerns. However, social standards 
might transform sharing personal behavior in the future. As the healthcare area 
evolves and develops, people will have to evaluate the potential benefits of sharing 
information in contrast to current or perceived risks. Furthermore, future 
developments have the possibility to manage our wellness and our behavior in an 
almost invisible way [1].  
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7 Appendix 

7.1 Protocol for the Literature Research 

This chapter focuses on the systematic searches, showing the protocol for the 
literature search performed between September 2017 and January 2018 in the 
following five databases: SpringerLink, Google Scholar, PubMed, ScienceDirect 
and Web of Science. 

Table 8 shows the protocol of the literature search to demonstrate the process 
undertaken in this thesis. The following table shows the date of the search as well 
as the literature database. It also shows the number of results which were found 
through inserting the search terms.  

Scientific papers were identified using the following search terms: physical activity, 
physical fitness, behavior change technique, application, gamification, exercise, 
sport, walk, sedentary behavior, sitting, screen time, machine learning, wearables, 
mobile Health, self-tracking, and quantified self. The search terms were entered 
separately in the mentioned databases with and without specified search categories 
including education, health and fitness, sports, lifestyle, games, and family.  

Table 8: Protocol of the Literature Research 
No. Literature Database Date 

(YYYY-MM-DD) 
Search term Number of 

results 
Source 

1 SpringerLink 2017-09-03 „quantified self 
AND 
gesundheit“ 
 

319  [58] 

2 SpringerLink 2017-09-03 „mobile Health“ 81382 [23] 

3 SpringerLink 2017-09-05 „health AND 
self-tracking“ 

190 [3] 

4 SpringerLink 2017-09-05 „Quantified Self 
AND 
Gesundheit“ 

321 [58] 

5 SpringerLink 2017-09-05 „behavior change 
techniques“ 

1.000.921 [25] 

6 PubMed 2017-09-06 „Behavior 
Change 
Techniques AND 
Apps” 

147 [17] 

7 PubMed 2017-09-06 “app AND 
physical activity 
AND sedentary 
AND behaviour 
change 
techniques” 

6 [59] 

8 Google 2017-09-10 „wearables AND 
consumer AND 
2017 AND smart 
AND zukunft“ 

6.710.000 [20] 
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9 Pubmed  2017-09-11 “Quantified self 
AND big data” 

21 [22] 

10 PubMed 2017-09-11 „development 
AND app AND 
intervention 
AND health 
AND behavior” 

143 [15] 

11 PubMed 2017-09-11 “app AND 
behavior AND 
health AND self-
regulatory AND 
physical activity” 

2 [60] 

12 PubMed 2017-09-11 “Behaviour 
change AND 
intervention 
AND smartphone 
AND app AND 
development” 

8 [61] 

13 PubMed 2017-09-11 “Sedentary AND 
apps AND 
activity AND 
behavior” 

17 [5] 

14 PubMed 2017-09-12 „physical activity 
AND behavior 
AND change 
AND sedentary“ 

1240 [2] 

15 PubMed Central 2017-09-12 “apps AND 
health AND 
impact AND 
computer” 

47 [7] 

16 PubMed 2017-09-12 “behaviour AND 
change AND 
health AND 
positive AND 
process” 

740 [62] 

17 PubMed 2017-09-14 “ehealth AND 
sensor AND 
quantified” 

9 [4] 

18 Google 2017-09-14 “Porter and 
Lawler Model of 
Motivation” 

267.000 [35] 

19 SpringerLink 2017-09-14 “theory AND 
self-regulation 
AND self-
reflectiveness” 

2 [38] 

20 Google Scholar 2017-09-14 “behavior AND 
model AND 
persuasive 
design” 

235.000 [39] 

21 PubMed 2017-09-14 “health AND 
goal AND 
intervention 
AND motivation 
AND behaviour 
change” 

141 [18] 

22 Google Scholar 2017-09-15 “physical activity 
AND app AND 
smartphone AND 
behaviour change 
techniques” 

22.900 [45] 
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23 SpringerLink 2017-09-15 “motivating 
employees” 

24.584 [36] 

24 SpringerLink 2017-09-15 “sensor AND 
health AND 
framework AND 
smart” 

4254 [6] 

25 Google 2017-09-15 “Computer Use 
in the United 
States statistics” 

 781.000.000 [63] 

26 Google 2017-09-15 “office worker 
time at desk” 

105.000.000 [11] 

27 Google  2017-09-15 “desk job worker 
sits how many 
hours a year” 

1.990.000  [12] 

28 Google 2017-09-18 “Standing or 
walking versus 
sitting on the job 
statistics” 

6.930.000 [9] 

29 ScienceDirect 2017-09-23 “leisure AND 
time AND sitting 
AND physical 
AND activity 
AND work” 

4,534 
 

[10] 

30 PubMed 2017-09-27 “behavior change 
techniques AND 
lifestyle AND 
activity AND 
monitor” 

132 [13] 

31 PubMed 2017-09-27 “Activity AND 
monitor AND 
health AND 
adults AND 
consumer” 

36 [14] 

32 PubMed 2017-09-29 “app AND 
activity AND 
monitoring and 
motivation AND 
feedback AND 
accelerometer” 

4 [41] 

33 PubMed 2017-09-29 Physical AND 
activity AND app 
AND adult AND 
smartphone 

41 [43] 

34 SpringerLink 2017-10-03 “Gamification 
AND health 
AND Behaviour” 

874 [16] 

35 SpringerLink 2017-10-03 “Gamification 
AND persuasive 
technology” 

168 [29] 

36 SpringerLink 2017-10-03 “Gamification” 1624 [30] 

37 Google Scholar  2017-10-04 “motivation 
AND behavior 
change AND 
gamification 
AND design” 

15.500 [32] 

38 Google Scholar 2017-10-04 “Defining 
Gamification” 

20.100 [31] 
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39 SpringerLink 2017-10-04 “definition AND 
gamification” 

674 [64] 

40 Google Scholar 2017-10-05 “Health AND 
mobile 
technologies 
AND survey 
AND eHealth” 

15.900 [24] 

41 SpringerLink 2017-10-05 “Gamification 
AND Game 
design AND 
Survey AND 
Smart AND 
Decision 
process” 

91 [28] 

42 PubMed 2017-10-05 "national health 
survey AND 
design AND 
developing” 

474 [44] 

43 SpringerLink 2017-10-23 „fitness AND 
application AND 
sensing” 

16,094 
 

[1] 

44 IEEE Xplore 2017-10-23 “health 
management 
AND behavior 
and Informatics” 

124 [26] 

45 Google Scholar 2017-10-23 “motivation 
AND social 
comparison AND 
engaging” 

770.000 [27] 

46 SpringerLink 2017-10-30 “Self-Reporting 
AND Data AND 
Interface AND 
Quantified Self” 

1587 [21] 

47 PubMed 2017-10-30 “machine 
learning AND 
mobile health 
AND health care 
AND physical 
activity” 

12 [19] 

48 Google Scholar 2017-10-30 “machine 
learning in 
health” 

2.210.000 [33] 

49 PMC 2017-10-31 „Feedback AND 
physical activity 
AND Behavior 
Change” 

46585 
 

[5] 

50 PMC 2017-10-31 „Timing and 
Frequency of 
Push 
Notifications” 

65 [42] 

51 PubMed 2017-11-01 „analysis AND 
health behavior 
change 
interventions.” 

2611 [48] 

52 Google Scholar  2017-11-01 „e-health AND 
workplace AND 
physical activity 
intervention.” 

7230 [49] 
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53 PubMed 2017-11-01 „messaging 
interventions 
AND health 
behavior” 

452 [50] 

54 PMC 2017-11-01 „frequency 
prompts AND 
health behavior” 

5572 [53] 

55 Google 2017-11-01 „push 
notifications 
annoying“ 

696.000 [52] 

56 ACM Digital Library 
UC Berkeley 

2017-11-02 "photographic 
affect meter” 
 

16.397 [65] 

57 Sciencedirect 2017-11-02 “machine 
learning in 
health” 

38250 [34] 

58 Google 2017-11-02 “handbook and 
behavior 
analysis”  

 3.810.000 [40] 

59 SpringerLink 2017-12-12 “learning theory” 
AND “skinner 

14.747 [37] 

60 PubMed 2017-12-13 App-based 
intervention 
AND Physical 
activity AND 
Sedentary 

5 [55] 

61 PubMed 2017-12-13 behavior change 
AND consumer; 
mHealth AND 
mobile 
applications 
AND mobile 
technology 

6 [66] 

62 Sciencedirect 2017-12-14 Goal AND 
Motivation AND 
Planning AND 
Achievement 
AND Feedback 

13410  [47] 

63 Google Scholar 2017-12-14 Neutral facts to 
motivate 

1540 [67] 

64 Google Scholar 2017-12-14 aggressive to 
motivate 

38.400 [68] 

65 PubMed 2017-12-20 mhealth AND 
application AND 
evaluation AND 
track 

7 [54] 

66 PubMed 2017-12-20 monitoring AND 
app AND 
intervention 
AND mhealth 
AND learning 

7 [56] 

67 GoogleScholar 2017-12-22 to long sitting in 
office AND 
unhealthy 

66.800 [57] 
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