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General introduction



Chapter 1

Healthcare for the aging population

The burden on healthcare services in the Western world and developing countries is
increasing due to an aging population and the associated increase in prevalence of
chronic diseases. The current demographic changes that contribute to this problem
have three major causes. The first major cause is that more people are surviving
into old age, and the average age of death has increased. Life expectancies have
increased yearly with a rate of 0.24 years over the past century in the United States,
Europe and Japan (Christensen et al. 2009). The second cause is that there are
relatively fewer and fewer newborns in the Western world. Simple and effective
systems for birth control have been developed and gained widespread cultural
acceptance, leading to a decrease in birth rates (Bés & Von Weizsicker 1989).
These two factors cause a change in the age distribution of the population, with
a relatively larger proportion of the population over retirement age and needing
care and economic support from the relatively dwindling population of working
age. But there is a third factor currently at play; the baby boom generation is
now reaching the age of retirement and an age at which many chronic conditions
are becoming more prevalent. As a result, our society is dealing with a large
population in need of chronic care, and a smaller workforce carrying the burden of
maintaining this care. The growing demand on the healthcare system thus calls
for treatments that are economically viable and reduce the demand on trained
healthcare professionals.

Western society is turning towards technology to provide the solution. Infor-
mation and Communication Technologies (ICT) to enable self-care for patients
(eHealth) and technology that allows professional care to be delivered to patients
in their home environment (telemedicine) form a fast growing field of research
(Ekeland et al. 2010), and are widely regarded as a promising paradigm in reduc-
ing the cost of healthcare. A major focus in the fields of eHealth and telemedicine
is the maintenance of a healthy lifestyle in terms of everyday physical activity.
Physical inactivity has an effect on a number of major non-communicable diseases
and is estimated to cause 9% of premature mortality worldwide (Lee et al. 2012).
If the physical inactivity factor could be eliminated completely, the world’s life
expectancy is estimated to rise by another 0.68 years. Fortunately, those extra
life years are also estimated to be spent in better health, as an elimination of the
physical inactivity factor could also lead to a 6% reduction of the burden of disease
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General introduction

of coronary heart disease, 7% for type 2 diabetes and 10% for breast and colon
cancers (Lee et al. 2012).

Physical activity plays an important role in the prevention of obesity, and chronic
disease such as coronary heart disease, type 2 diabetes and breast and colon can-
cers (Lee et al. 2012). The American College of Sports Medicine recommends
that the majority of adults perform moderate-intensity cardio respiratory exercise
training for at least thirty minutes each day (Garber et al. 2011). Maintaining a
healthy level of physical activity does not only play an important role in prevention.
Physical activity often forms a major component of treatment programs for chronic
conditions, motivating research into monitoring and promotion of physical activity
in patients suffering from Chronic Low Back Pain (CLBP) (van Weering 2011),
Chronic Fatigue Syndrome (CFS) (Evering 2013), and Chronic Obstructive Pul-
monary Disease (COPD) (Tabak 2014). This Thesis is about physical activity.

Physical activity monitoring

The field of physical activity monitoring in humans is not new. An article by
Kohl et al. (2000) reviews various techniques for assessing physical activity, citing
articles that date back to 1971. Pioneering work in the field reported studies con-
ducted with simple pedometers, self-reporting or direct observation. But the real
rise of the field came with the introduction of accelerometry. A number of much
cited papers by Bouten et al. describe the development of a tri-axial accelerom-
eter based sensor for measuring daily physical activity (Bouten et al. 1997) and
the validation of this technique by comparing the output of the sensor with energy
expenditure measured with doubly labeled water (Bouten et al. 1996). In a 7-day
free-living experiment with 30 subjects, body movement was registered with a tri-
axial accelerometer and correlated to energy expenditure estimates such as doubly
labeled water (Speakman 1998) — considered to be the gold standard in energy
expenditure estimation. A 0.73 correlation factor between overall physical activity
level and sensor outputs was found. Besides the societal benefits of research into
physical activity, the popularity of eHealth and telemedicine applications that tar-
get daily physical activity behavior can also, at least partly, be attributed to such
recent developments in monitoring technology.

17
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Since then, 3D accelerometers have become smaller, cheaper, and ubiquitously
available. Research in the field has also seen a surge in recent years with nu-
merous reviews being published on sensor development, e.g. (Intille et al. 2012),
assessment methodologies, e.g. (Kohl et al. 2000, Plasqui et al. 2013, Jones
et al. 2013) as well as classification of specific human activities from sensor data,
e.g. (Altun et al. 2010). The field has truly gained maturity with many commer-
cial activity trackers that use accelerometers available on the market today. Even
modern smartphones contain accelerometers and research shows their applicability
in human movement recognition (Kwapisz et al. 2010). For the consumer market,
the accelerometers were originally used to automatically rotate the screen when
switching the device to portrait- or landscape view — but nowadays they are also
used for tracking the movement of the owner and provide input to activity tracking
applications such as FitBit' or Samsung S Health?. The field of activity sensing
has shifted from using large, uncomfortable, technological devices to using small,
unobtrusive and sometimes even fashionable lifestyle items, or a readily available
consumer electronics such as mobile phones.

Current interventions and coaching

Miniaturized, wireless sensors have enabled monitoring of daily physical activity
on a large scale. But although monitoring is an important first step in gaining
insights into the daily levels of physical activity of various populations, it is not
a goal in itself. The overall objective — and in a broad sense the objective of
this research — is to stimulate people in achieving and maintaining a physically
active lifestyle. Physical activity coaching applications and interventions aim to
achieve this, in general by measuring the user’s daily physical activity and providing
feedback, coaching, health related information, and incentives to increase, balance,
or maintain a certain healthy level of activity. Before the emergence of eHealth
and telemedicine, health behavior change interventions were delivered through
means such as printed material by sending informational leaflets through the mail
(Dutton et al. 2008, Short et al. 2011, Noar et al. 2007) or telephone as a form of
public service telemarketing (van Keulen et al. 2011, Marcus et al. 2007). Although

Lfitbit.com
2developer.samsung.com/s-health-sdk
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General introduction

valuable lessons can be learned from these early, low-tech interventions, this Thesis
focuses on more individualized approaches.

In this work, the focus is specifically on real-time physical activity coaching
— applications that are able to provide direct, timely coaching to the individ-
ual, based on their current physical activity behavior. Smartphones are among
the most appropriate devices for providing real-time coaching (as opposed to web
portals, or PC applications). At Roessingh Research and Development, a large
amount of effort has been put into developing real-time physical activity coaching
interventions for various patient populations. The system used in these interven-
tions consists of a 3D-accelerometer based activity sensor that connects wirelessly
to a smartphone. The smartphone runs the coaching application that can show
the user his current level of activity, and provide regular coaching in the form of
short motivational messages. These efforts are documented in a number of publi-
cations and are summarized in three PhD dissertations on Chronic Low Back Pain
(CLBP) (van Weering 2011), Chronic Fatigue Syndrome (CFS) (Evering 2013),
and Chronic Obstructive Pulmonary Disease (COPD) (Tabak 2014). The work
described in this Thesis can be seen as an effort to tackle some of the issues
identified in these dissertations, particularly regarding long-term adherence and
short-term compliance to the interventions.

Tailoring

Evaluation of the activity coach described above has shown its effectiveness in
stimulating physical activity (Tabak et al. 2014, Dekker-van Weering et al. 2012).
There are however two major issues that need to be solved. First, the increase in
physical activity tends to diminish after several weeks, and second, the response
to the motivational cues has a large variance across subjects and studies. The
differing responses to the feedback mechanisms employed can be attributed to the
high degree of heterogeneity within the target populations. It is widely believed
that tailoring — or personalization — can help in increasing the effectiveness
of technology that aims to achieve behavior change. In 2008, Hawkins et al.
defined tailoring as “any of a number of methods for creating communications
individualized for their receivers, with the expectation that this individualization
will lead to larger intended effects of these communications” (Hawkins et al. 2008).
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Since each individual is different, an intervention should therefore preferably use
an approach that is tailored to this individual.

This Thesis is about tailoring real-time physical activity coaching systems. Mod-
ern sensors allow ubiquitous monitoring of the user's levels of physical activity.
Smartphones can receive the data wirelessly and provide coaching to the user at
any time and at any place. Smartphones are also becoming smarter, allowing the
acquisition of rich contextual data through built in sensors and a constant inter-
net connection. They also contain enough processing power to perform complex
data analysis tasks. All of these technological advancements make it possible to
do real-time analysis of the user, his context, and his activity behavior, enabling
smart tailoring of real-time physical activity coaching systems.

Aim and outline of the Thesis

The four main sections of the Thesis each aim to answer a specific research ques-
tion. These research questions and an outline of the Thesis is presented below.

RQ1: What different aspects of tailoring can be identified that can be
used to tailor real-time physical activity coaching systems? How can
we model these aspects in order to facilitate design and assessment of
tailored activity coaching systems?

This Thesis explores tailoring methods that can be used to increase the effec-
tiveness of physical activity coaching applications. This exploration begins with
an analysis of the literature aimed to answer RQ1. In Chapter 2 an extensive sur-
vey of the literature on tailored real-time activity coaching systems is presented.
Twelve different applications that each approach tailoring in various different ways
are described. A total of seven different tailoring concepts have been identified
and a model is developed that shows how each of the concepts relate to each
other and how they can affect various properties of communication to the user.
By making a distinction between a communication’s timing, intention, content
and representation, the model can be used to identify which tailoring techniques
can be applied to which part of the communication.

RQ2: Can compliance to motivational cues be increased through
matching the timing of communication to the user and his context?

20



General introduction

In Chapter 3 the focus is on tailoring the timing aspect of communication.
The Kairos system that is described is a self-learning, context aware system, that
tailors the timing of motivational messages to individual users. The system con-
stantly gathers information on the context of the user and uses machine learning
techniques to predict the optimal timing of presenting a motivational cue. The the-
oretical foundations of the method, the design and implementation of the system,
and the results of a longitudinal trial with 10 COPD patients are described.

RQ3: How can a motivational message be defined, and how can
individual message components be tailored?

Given the right timing for presenting the coaching to the user, the next step
is to determine what to say. In Chapter 4 a model of motivational messages is
constructed, further developing the concepts of message timing, intention, content
and representation, and showing practical examples of how tailoring techniques
can be used to tailor each individual aspect. A practical framework is developed
that can be used to generate motivational messages in a structured, sequential
manner. Example implementations of tailoring rules are given, focusing on the
message intention and content aspects.

RQ4: What is the perceived effect of advanced representations of
coaching mechanisms for office workers?

Chapter 5 deals with the last remaining aspect of communication: representa-
tion. In this chapter the focus lies on new ways of representing the coaching to
the users. The chapter explores the concept of representation by describing the
development and evaluation of two prototype applications. The first prototype
demonstrates coaching in a multi-device setting, where the coach migrates with
the user across different devices. The second prototype focuses on the use of an
embodied agent using speech and facial animations to represent the virtual coach
concept.

Finally, Chapter 6 presents a summary of the contributions of the Thesis,
including a discussion regarding the implications for future work, as well as a
discussion on outstanding issues.
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Chapter 2

Abstract

Technology mediated healthcare services designed to stimulate patients’ self-efficacy
are widely regarded as a promising paradigm to reduce the burden on the health-
care system. The promotion of healthy, active living is a topic of growing interest
in research and business. Recent advances in wireless sensor technology and the
widespread availability of smartphones have made it possible to monitor and coach
users continuously during daily life activities. Physical activity monitoring systems
are frequently designed for use over long periods of time placing usability, accep-
tance and effectiveness in terms of compliance high on the list of design priorities
to achieve sustainable behavioral change. Tailoring, or the process of adjusting
the system's behavior to individuals in a specific context, is an emerging topic of
interest within the field. In this article we report a survey of tailoring techniques
currently employed in state of the art real time physical activity coaching systems.
We present a survey of state of the art activity coaching systems as well as a
conceptual framework which identifies seven important tailoring concepts that are
currently in use and how they relate to each other. A detailed analysis of current
use of tailoring techniques in real time physical activity coaching applications is
presented. According to the literature, tailoring is currently used only sparsely
in this field. We underline the need to increase adoption of tailoring methods
that are based on available theories, and call for innovative evaluation methods to
demonstrate the effectiveness of individual tailoring approaches.
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2.1 Introduction

The prevalence of chronic diseases is increasing world wide, largely due to de-
mographic changes. The growing demand on healthcare services calls for cost-
effective treatments that reduce the demands on healthcare professionals. Provi-
sion of eHealth and telemedicine services, in particular technology mediated ser-
vices which stimulate and support patient’s self-efficacy, is a fast growing field of
research (Ekeland et al. 2010) and is widely regarded as a promising paradigm to
reduce the burden on the healthcare system. An important factor in prevention
and treatment of chronic disease and supporting healthy ageing is maintaining
a healthy lifestyle in terms of regular physical activity. The American College
of Sports Medicine recommends that the majority of adults perform moderate-
intensity cardio respiratory exercise training for at least thirty minutes each day
(Garber et al. 2011). Monitoring of physical activity and development of eHealth
and telemedicine systems to motivate individuals to reach personal activity targets
is a large and growing field of research and development in its own right.

2.1.1 Physical activity monitoring

Research into accurate assessment of physical activity levels has been conducted
for many decades. Kohl et al. (2000) reviews various assessment techniques, citing
articles dating back to 1971, and classifies techniques into six categories, including
self-report (Sallis & Saelens 2000), direct observation (McKenzie 2002), indirect-,
and direct calorimetry (Bailey et al. 1995), doubly labeled water (Speakman 1998)
and electronic or mechanical monitoring using e.g. pedometers (Saris & Binkhorst
1977, Lutes & Steinbaugh 2010) and accelerometry (Bouten et al. 1997, Plasqui
et al. 2013). Activity monitoring tools in this last category have seen a surge in
recent years due to their low cost and unobtrusive applicability.

The popularity of low-cost, accelerometer based activity monitoring tools be-
comes apparent when looking at the wide range of commercially available systems
and services (Table 2.1). These commercial fitness applications, designed for use
throughout the day, measure physical activity and provide feedback on perfor-
mance and/or progress to the user in various ways. The products vary mainly
on two points: the location where the sensor is worn, and how measured activity
data is fed back to the user. This feedback is either visualized on the sensor,
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# Name Worn SE SP WP PC Website

1 Polar Active W + + polarusa.com

2 ActivPal H + + paltech.plus.com
3 GENEACctive w + + geneactiv.co.uk

4 MoveMonitor H + mcroberts.nl

5 APDM HAWC + apdm.com

6 ActiGraph HAWC + theactigraph.com
7 Philips DirectLife H CP + + directlife.philips.com
8 FitBit HPCW + + + fitbit.com

9 Acti Smile HC + actismile.ch

10 BodyBugg U + + + bodybugg.com

11  BodyMedia FIT w + + bodymedia.com
12 Jawbone UP w + jawbone.com/up/
13 Nike+ Fuelband "\ + + + nikeplus.nike.com

Table 2.1: Representative sample of commercially available accelerometry based
activity monitoring systems. The ‘Worn' column indicates where the sensor can be
worn: on the Ankle (A), Chest (C), Hip (H), Upper arm (U), Wrist (W) or in the
Pocket (P). The remaining columns indicate whether the product gives feedback
on the sensor (SE), smartphone (SP), web portal (WP) or through a PC program
(PC).

smartphone, web portal, or PC application. A number of commercially available
accelerometry-based activity monitoring and feedback applications are shown in
Table 2.1%.

The feedback modalities used differ in terms of timeliness and richness as visual-
ized in Figure 2.1, with feedback on the sensor being the fastest and least rich, and
PC applications capable of the richest, but slowest, feedback. Sensors capable of
displaying feedback can do so without any significant delay, however the feedback
is simplistic due to the limitations of a small display and low processing power.
Smartphones offer more possibilities in terms of screen size and processing, and
if a sensor is connected (wirelessly) to a phone (e.g. Nike+ Fuelband) feedback
via the phone can be presented in real-time. Web portals introduce a delay in
feedback since they operate on synchronized data over the internet, however they

1This selection (gathered in June, 2012) does not represent an exhaustive list but serves as a
representative sample to illustrate the range of available commercial products.
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offer a potentially richer experience due to the ability to provide full-screen data
visualization. Furthermore they can be accessed from any location. Currently
available PC applications usually require the sensor to be physically near a specific
computer running specific software. This approach offers the least timely modality
for providing feedback. However, the available processing power and screen size
make it potentially the richest way of doing so, enabling for example the use of
realistically rendered virtual human avatars.

~€—Timeliness .
m SMARTPHONE E WEB PORTAL PC APPLICATION
Real Time Richness —>»

Figure 2.1: Timeliness versus Richness of feedback modalities. Modalities to the
left are increasingly readily available, while modalities to the right are increasingly
rich in their capabilities of providing feedback. Sensor and smartphone are real
time feedback modalities.

2.1.2 Background

A vast range of systems for daily activity monitoring are available; a complete
review of these is not the purpose of this article. Rather we focus on the tech-
niques employed in these systems which aim to motivate the user to reach personal
activity related goals. We have already shown the diversity in the way different
systems provide feedback to the user, ranging from real-time approaches through
a display on the sensor or a direct connection to a smartphone, to offline meth-
ods using e.g. web portals or PC applications. However feedback is only one of
the possible ways of stimulating the user to change his activity behavior through
generating awareness of current behavior. There are other motivational strategies
and different ways of ensuring that the system’s goal of changing the user’s be-
havior is understood and followed by the user. Since each individual is different,
an intervention should preferably use an approach which matches the individual
user. This is better known as tailoring, and it is the topic of this survey.
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The field of tailoring — also referred to as personalization, or individualization
— is broad, even when limited to behavior change interventions. Long before
the emergence of eHealth and telemedicine, tailoring techniques were applied to
print-based health behavior change interventions. These ‘tailored’ interventions
could range from a simple leaflet that is addressed to an individual by name — i.e.
personalized generic communication (Kreuter et al. 1999), a message developed
specifically for a certain target group to messages targeted at the individual user.
The effects of tailoring in such print-based interventions have been well docu-
mented, and the overall merit of this approach is clear (see e.g. (Noar et al. 2007)
for a meta-review on tailored print).

The use of printed material however, severely limits the ability to effectively
target individual users, a shortcoming that is alleviated by the application of web-
based interventions. In a study to promote a healthy lifestyle, targeted at families,
Colineau & Paris (2011) used an online webportal to provide family-based goals
and tailored feedback to encourage families to submit ideas for improving the
family’s lifestyle. The feedback messages provided by this online platform are
tailored specifically to the situation of the family, or of individual family members
through an automatic message composition system. The use of such computerized
interventions allows more advanced tailoring, providing more personal and varied
motivational messages to the user.

Morandi & Serafin (2007) use various parameters such as stage of change, day
of the week, and specific user preferences to tailor motivational messages to the
user. Others use more advanced models based on e.g. ontologies (Erriquez &
Grasso 2008) possibly in combination with user clustering (Cortellese et al. 2009).
A method for clustering users of a health-related persuasive gaming application
is discussed in (Orji et al. 2014) in this issue, showing which design strategies fit
best to which gamer type. To facilitate personal communication with the user,
the field of tailored behavior change interventions is highly related to and benefits
greatly from the work done on user modeling, a field that addresses the issue of
communicating the right thing at the right time in the right way for each individual
user of a system (Fischer 2001). In particular, smartphone based user modeling
frameworks such as described in Gerber et al. (2010) offer promising benefits for
real time tailored coaching applications, as smartphones offer the best potential
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for providing rich, real-time coaching (see Figure 2.1).

2.1.3 Scope and Goals

The body of literature on tailoring, as well as on activity monitoring and coaching
is extensive, and as stated earlier beyond the scope of this survey. We focus here
on the following two key aspects:

1. Physical activity coaching: we include only applications which aim to
motivate users to change their activity behavior by means of a coaching
element.

2. Real time tailoring: we include only those systems that offer real-time
coaching, and use some form of tailoring to adjust the application's com-
munication to individual users.

The goals of this article are twofold: (1) to provide a comprehensive survey of
the literature that describes tools and techniques currently used for tailoring in
real-time coaching applications for physical activity; (1) to define a conceptual
framework of these techniques, extending current models of tailoring, that can
help guide the design of new tools and applications in this field.

This article is not a systematic review in the sense that we do not aim to derive
statistical evidence or conclusions from existing literature. Due to the scoping of
the article it is also clear that we neither capture the full body of work on tailor-
ing, nor on physical activity promoting applications. Instead we aim to provide an
exploratory and more detailed analysis of the more narrow cross-section between
these two fields. Emerging ubiquitous technology brings the promise of continu-
ous coaching that goes beyond e.g. daily or weekly summaries of performance.
Smartphones and other intelligent devices have the ability to reach their users at
opportune moments throughout the day, and as such are able to provide intensive
coaching. This ability has great merit for behavior change systems and as such
we add a specific focus on such emerging technologies that offer real-time tailored
activity coaching.
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Various reviews, complementary to the current work, have been published in
recent years and will be discussed in Section 2.2. The literature search process is
described in Section 2.3, after which an overview of included papers is given in
Section 2.4. We then present our model of tailoring (Section 2.5) before providing
an analysis of the tailoring concepts (Section 2.6), finishing with a discussion
(Section 2.7) and conclusions (Section 2.8).

2.2 Related work

In recent years, a number of scientific review papers were published on various
topics related to the theme of tailored real-time coaching for physical activity. In
2008, Lustria et al. (2008) reviewed 30 computer-tailored health interventions de-
livered over the web, seven of which in the domain of physical activity. Although
the modalities (or delivery methods) used for the interventions were not real time,
there were some interesting findings in the various tailoring mechanisms adopted.
The authors distinguish between three types of tailoring: personalization, feed-
back, and adaptation (or ‘content matching’). These types originate from a 2008
paper by Hawkins et al. (2008) who systematically defined the constructs that
encompass tailoring. A detailed description of tailoring concepts, including the
ones defined by Hawkins is given in Section 2.5.2. All of the included physical
activity interventions in Lustria's review adopted a combination of two or all of
these tailoring mechanisms. Overall, the authors conclude that computer-tailored
online interventions vary greatly in their strategies to provide users with tailored
messages, but also in their delivery mode and -timing, and overall levels of sophis-
tication.

A systematic review published in 2009 by Fry & Neff (2009) focuses specifically
on periodic prompts that encourage healthy behavior (including physical activity)
and shows the effectiveness of daily, weekly, or monthly messages, reminders or
brief feedback in limited contact interventions. The review includes 19 articles,
published between 1988 and 2008, 13 of which used email as the medium for
sending prompts, and 14 of which employed some form of message tailoring. One
of the aspects evaluated was the timing of messages. Most of the included studies
used weekly prompts to encourage healthy behavior change, and in one of the stud-
ies it was shown that weekly (telephone) prompts performed significantly better
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in encouraging physical activity than prompts sent every three weeks (Lombard
et al. 1995). The authors state that the question remains how prompts issued
every day (a situation that would better approach the real-time feedback that we
are interested in) would affect behavior change, because such a frequency was not
found in any of the included studies.

A review by Enwald & Huotari (2010) on second generation tailored health
communication for the prevention of obesity conclude on this regard that “ mobile
devices can help to achieve ‘kairos’, that is, the opportune moment to persuade...”.
Real-time feedback through the use of mobile phones thus seems to be a promising,
but underexplored field of research. In general, Enwald & Huotari (2010) found
in their review of 23 studies, from which seven targeted physical activity, negative
or mixed results regarding the effectiveness of tailoring, which according to the
authors, is in line with previous studies. A particular focus of interest in their review
is the use of theories and models of health behavior change to guide intervention
design. Out of the included 23 studies, 14 used Prochaska's Transtheoretical-, or
Stages of Change (TTM/SoC) model, including five of the seven physical activity
related studies. The SoC model claims that people attempting to change can be
categorized as being in one of five stages of the change process: precontemplation,
contemplation, preparation, action, and maintenance (Prochaska & Velicer 1997).
The theory is often used in physical activity interventions as one of the tailoring
criteria, e.g. people in different stages need different motivation or prompts, but
the effectiveness of using this model in physical activity interventions is contested
(Adams & White 2005). The ‘controversy' of using the TTM in the domain
of physical activity promotion is again underpinned by a review on tailored print
communication by Short et al. (2011) who state that their findings support earlier
claims that studies using Social Cognitive Theory (Bandura 1986) or The Theory
of Planned Behavior (Ajzen 1991) demonstrate more positive effects in increasing
physical activity levels than those applying the theories of the TTM.

The reviews mentioned earlier are relevant to the current work insofar that
they deal with tailoring for healthy behavior, including physical activity, but none
of them have a focus on (or even mention) real-time technologies. In contrast, a
review by Kennedy et al. (2012) deals specifically with what the authors call “active
assistance technology”, defined as "“any technology involving automated processing
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of health or behavior change information that is ongoing as the user interacts with
the technology”. One of the four technology roles selected for inclusion of articles
is defined as “dynamic adaptive tailoring of messages depending on context”, which
has potential overlap with the topic of real-time, tailored feedback. The authors
found widespread use of dialog systems as active technology (19 out of 41 included
studies), out of which eight employed embodied conversational agents as interface
to the user. Overall they found that dynamic tailoring was not a major topic in
most included studies and concluded that the potential of active technologies for
dynamic information processing is currently not fully exploited. The authors stress
the need for interdisciplinary collaboration between behavior change researchers
and researchers from computer science and cognitive science, but do not provide
clear recommendations on the use of dynamic tailoring.

2.3 Search strategy, inclusion-, and exclusion cri-
teria

The systematic literature search was carried out in two phases. An initial sys-
tematic search was done in July 2012 (phase one). Due to the limited amount
of included articles, a second phase search was performed in August 2013 (phase
two).

To capture the literature relevant for the scope and goals (Section 2.1.3) of this
survey we formulated our search query to find articles related to “[personalized]
[activity] [coaching]'. The search terms used can be found in Table 2.2, where
all bold-underlined terms were added only for the second phase. In order to
cover both the health- and technology domains, we performed the initial search
on PubMed (www.pubmed.com, 582 results) as well as the ACM Digital Library
(dl.acm.org, 623 results). Additionally we included a total of 116 results from
a manual search through Google Scholar (scholar.google.com) and our personal
libraries, obtaining a total initial set of 1.321 papers. We performed an initial
filtering of results by removing duplicates and by looking at titles and abstracts,
eliminating all papers that were not primarily about everyday physical activity,
novel coaching tools or applications, or methods regarding motivational coaching.
This first filtering resulted in a set of 320 papers for which full text articles were
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Topic Terms

personalized personalized OR personalised OR personalization OR
personalisation OR individualized OR individualised OR
individualization OR individualisation OR tailored OR
tailoring

activity physical activity OR daily activity OR walking OR
exercise OR exercising OR
activities of daily living

coaching coach OR coaching OR feedback OR motivate OR
motivation OR stimulate OR stimulation OR promote OR
promotion

application application OR system OR device

Table 2.2: Search terms used in the systematic literature search phase. Target
literature has to contain at least one of the listed terms from each of the three
topics. The bold-underlined terms were added in the second literature search
phase.

retrieved. When analyzing the full-text articles, we excluded any work that did not
describe an application containing real-time communication with its user. Also,
papers that targeted very specific physical activities — (e.g. gaming, exercises)
instead of regular daily activities — were excluded. The specific inclusion-, and
exclusion criteria are listed in Table 2.3. We found a total of 13 papers, describ-
ing 11 applications to be included in the survey. We also found a total of 40
“background papers” describing relevant (real-time) tailoring techniques that did
not describe its use in a specific application. These papers are used throughout
the survey to serve as examples or background literature where relevant.

For the second phase literature search we modified our search query in two
ways. First we extended our definition of [activity], and second — based on
the experience from the first phase of literature search — we limited our search
to [application] oriented papers. The extended search terms are presented in
bold-underlined in Table 2.2. The second phase search was carried out in August
2013. The systematic search was carried out on the PubMed and the ACM digital
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library archives. From these two sources we found a combined total of 986 results,
out of which 361 were new compared to the phase one search results. By examining
the titles and abstracts we filtered out any articles that were either not written
in English, review articles, and articles not targeted at daily physical activity —
resulting in a set of 85 potentially relevant new articles. We performed the same
filtering on the archives of the User Modeling and User-Adapted Interaction Journal
as well as the proceedings of the past conferences on User Modeling, Adaptation
and Personalization (UMAP 2009-2012), resulting in an additional 42 articles. For
the 127 potentially relevant titles, full-text articles were retrieved and the inclusion
of papers was again based on the inclusion-, and exclusion criteria as described in
Table 2.3. From the second phase search, an additional two papers, describing
two applications were included. In addition, we added 10 “background papers”
to the body of literature to be used as reference material.

In total, we included 12 applications, described by 15 different papers found
in the literature search. In order to adequately analyze and describe these appli-
cations, we performed an additional search targeting the selected applications by
searching for the application name as well as for additional publications by the
authors. This search yielded an additional 36 papers that are used to summarize
the works in Section 2.4 below.
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Criteria

Topic In./Ex.
Activity In.
Ex.

Describes an application targeting promotion of ev-
eryday physical activities including e.g. walking or
jogging preferably to be used throughout the day.
Targeted at specific (rehabilitation) exercises, ex-
ergames, or specific training of functions/skills.

Real-time In.

Ex.

Applications that are able to communicate constantly
with the user and can give immediate feedback on
measured performance.

Web-based applications (where users can only be tar-
geted after login) or applications that do not have a
direct connection between sensor and feedback de-
vice.

Tailoring  In.

Ex.

Applications that use some form of tailor-
ing/personalization.

Applications that do not change their behavior or us-
age for different individual- or groups of users.

Table 2.3: Listing of the inclusion- and exclusion criteria as used for the selection
of final papers in phase one and two of the systematic search process.
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Sec. Application Reference(s)
2.4.1 The Mobile Personal Trainer (Buttussi et al. 2006)
(Buttussi & Chittaro 2008)
2.42 MPTrain and TripleBeat (Oliver & Flores-Mangas 2006)
(de Oliveira & Oliver 2008)
2.4.3  UbiFit Garden (Consolvo et al. 2008)
2.44 NEAT-o-Games (Fujiki et al. 2008)
2.45 The Mobile Fitness Companion  (St&hl et al. 2008)
2.4.6 Handheld Exercise Agent (Bickmore et al. 2009)
2.4.7 Haptic Personal Trainer (Qian et al. 2010)
(Qian et al. 2011)
2.4.8 Everywhere Run (Mulas et al. 2011)
249 Move2Play (Bielik et al. 2012)
2410 ActivMON (Burns et al. 2012)
2.4.11 BeWell+ (Lin et al. 2012)
2.4.12  Analytic, Social, Affect (King et al. 2013)

Table 2.4: Listing of the 12 included applications and their corresponding papers
that were found during the literature search. The order is in ascending year of
publication and author name.

2.4 Descriptions of included applications

In this section we will present an overview and summaries of the 12 included appli-
cations (see Table 2.4). The summaries focus on (1) functionalities, (2) theoretical
foundations, (3) employed tailoring concepts, and (4) algorithmic approaches. For
each of the applications we address these four topics where sufficient details are
provided from the literature. The analysis of these papers and the creation of the
tailoring model described later was done in an iterative way. On the one hand, the
concepts and model have been derived from the analysis of the literature, while on
the other hand the same literature is later described using the model as framework
for structured analysis. After the overview of papers presented here, we will first
describe the key concepts and our model of tailoring in Section 2.5. Then, in
Section 2.6, we give a detailed analysis of the various tailoring concepts by looking
at how they are employed in included applications.
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2.4.1 The Mobile Personal Trainer

The Mobile Personal Trainer (MOPET) described in (Buttussi et al. 2006) and
(Buttussi & Chittaro 2008) is an embodied virtual trainer that can guide users
through outdoor fitness trails (see Figure 2.2.a at the end of this section). The
embodied coach, Evita, runs on a smartphone and provides audio navigation, au-
dio and graphical feedback about performance and animated 3D demonstrations
of exercises along the trail. The system uses GPS to track the user’s position
and encourages users to keep up with certain speeds at regular checkpoints using
speech synthesis. The 2008 update of the MOPET system describes additional
tailoring approaches like context-aware and user-targeting features. The system
integrates a user model containing gender, age, weight, height, physiological pa-
rameters derived from a guided auto-test, as well as historical information regarding
previously completed trails and exercises. The sensed context (location, speed)
combined with information from the user model is used to recommend exercises
and provide alerts regarding e.g. speed of jogging.

The MOPET user model is initialized at the application’s first launch by requir-
ing the user to manually input gender, age, weight and height. Subsequently the
user is asked to perform the guided auto-test which consists of stepping on and off
a step. The autotest implements an algorithm that estimates the user’'s maximum
volume of oxygen uptake per minute (VO2Max) based on the user's Power, heart
rate and some gender/age specific constants. The user's Power calculation starts
when the user’s heart rate is within a predefined (age-specific) range and is based
on weight, the height of the step (as indicated by the user) and the time taken
per step. Additional user model information is obtained by storing the number of
times a user has completed a certain exercise within-, above- or below the user's
heart rate thresholds as well as the number of times the exercise was abandoned
prematurely.

The Power and VO;Max values can be updated by performing subsequent auto-
tests, but are currently only used as an indication of the user's physical condition,
and not for further tailoring of the system. Instead, the user's calculated heart rate
thresholds and recorded previous experiences are used by the exercise recommender
module. When recommending a strengthening exercise, the module keeps track of
the current level of performance, starting at the beginner’s level (fewer repetitions,
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slower pace). After each completion of an exercise the user model is updated with
the performance, and subsequent recommendations of the same exercise can take
this history into account by recommending increased repetitions or pace.

As future tailoring capabilities of the system, the authors mention the option of
setting specific goals related to e.g. weight loss, cardiovascular training or muscle
strength to further guide the recommendations of exercises. In a separate pa-
per, the authors describe the automatic creation of a user generated fitness trail
database that can be used in the MOPET system (Buttussi et al. 2009). By
storing user-preferences in the trail database, collaborative filtering based algo-
rithms can be used to recommend fitness trails to users of the MOPET system
based on personal preferences as well as physical ability. The literature regarding
the MOPET system does not give any details on whether any specific theories of
behavior change are used as a basis of the tailoring features.

2.4.2 MPTrain and TripleBeat

The MPTrain system described in (Oliver & Flores-Mangas 2006) is a mobile
phone based system that uses automatic music selection to encourage the user
to reach his/her exercise goals. The system consists of a set of physiological
sensors (accelerometer, ECG) connected wirelessly to a mobile phone. The system
implements a learning algorithm that automatically determines a mapping between
musical features (volume, beat and energy), the user’s current exercise level and
the user's heart-rate response. While jogging, before the end of the current song,
the algorithm determines whether the user needs to speed up, slow down or keep
his pace, based on the user's current heartbeat compared to a predefined goal.
MPTrain will then select the next song whose tempo is similar, faster or slower
than the current song according to the difference between the actual and desired
heart rates. The authors have chosen music as a feedback modality based on the
theory that music improves gait regularity due to the beat helping individuals to
anticipate the rate of movement, and as such causing the body and the music to
get synchronized.

An update to the MPTrain system is presented in (de Oliveira & Oliver 2008),
dubbed TripleBeat. The TripleBeat system adds two important tailoring ap-
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proaches: a virtual competition with other runners and a glanceable real-time
user interface. The authors aim to increase the motivational effect of the system
based on the behaviour change theories described in Fogg (2003) as well as on
empirical demonstrations from related research. The authors specifically mention
four persuasive strategies, taken from Fogg (2003), as motivation for their work:
(1) providing personal awareness through feedback on current physiological and
activity data — for which there are many examples; (2) leveraging social fac-
tors through providing real-time information about the performance of other users
based on the work of (Maitland et al. 2006, O'Brien & Mueller 2007, Sohn &
Lee 2007); (3) providing enjoyable interaction by e.g. the use of an appealing 3D
virtual trainer as in the MOPET system (see Section 2.4.1) or through the use of
virtual game environments (Mokka et al. 2003); and (4) unobtrusive/intuitive no-
tification, stressing the need to provide relevant information without interrupting
or disturbing the user.

In TripleBeat these persuasive strategies are implemented as follows. The per-
sonal awareness is created by allowing users to monitor heart rate and pace in
real-time, as well as by providing real-time feedback on how to achieve specific
workout goals. A more interesting and defining feature is the TripleBeat's imple-
mentation of social factors. Users can hold a virtual race with virtual runners —
other runners who have previously completed a run or the user himself. In order
to promote fair competition, the system can automatically match the user with a
competitor based on similarity in how well they achieve their goals. This is done
using a variation of the k-nearest neighbour algorithm on the score-vectors of the
user and his potential opponents. In order to provide a challenge, there will always
be at least one opponent whose score is higher than that of the user. The enjoy-
able interaction of Triplebeat is ‘inherently’ delivered through its musical feedback;
and its unobtrusive notifications are provided through a glanceable user interface
that provides simple and clear feedback on current performance. Additional infor-
mation regarding the basis of the MPTrain/TripleBeat system — the automatic
generation of music playlists — can be found in (Oliver & Kreger-stickles 20065b),
and details regarding the evaluations of the system can be found in (Oliver &
Kreger-Stickles 2006a).
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2.4.3 UbiFit Garden

Consolvo et al. (2008) describe the UbiFit Garden, a mobile phone application
that uses a glanceable display of a flowering garden to create awareness of and
stimulate regular physical activity (see Figure 2.2.b). The system includes a sepa-
rate sensor for measuring physical activity. The ‘Mobile Sensing Platform’ activity
sensor takes data from a 3D accelerometer and a barometer and uses boosted
decision stump classifiers to distinguish between various types of activities (e.g.
walking, running, cycling) four times per second — described in more detail in
(Choudhury et al. 2008). This data is sent to the mobile phone over bluetooth
where a smoothing algorithm is used to identify longer bouts of activities. In the
case that performed activities are not recognized correctly, the user has the option
of adding, editing or removing activities in a manual journal feature.

The defining feature of the UbiFit system is its glanceable mobile phone display.
The display is implemented as a background image of the phone and represents
the user's activity as a flowering garden. Each of the various types of detected
activities are represented as a different type/color of flower. These different types
of flowers represent different types of activities as recommended by the ACSM
for a balanced physically active lifestyle: cardio, resistance training, flexibility,
and walking. A specific tailoring approach that is implemented is a feature that
allows users to set their own weekly goals in terms of activity types. Upon reaching
their weekly goals, a large yellow butterfly appears on the glanceable display. Initial
evaluations focused mainly on the activity detection component of the system, but
a follow up three-month experiment was conducted later (Klasnja et al. 2009).

In Consolvo et al. (2008) the authors mention that the UbiFit garden applica-
tion is targeted specifically at users in the contemplation, preparation and action
stages of change of the Transtheoretical Model (Prochaska & DiClemente 1986),
although it is unclear which specific design decisions were made based on this
consideration. The application does not seem to use the user’s current stage of
change to tailor any specific form of motivational support. In (Consolvo, Mc-
Donald & Landay 2009), the authors give background on some of the behaviour
change theories behind the UbiFit garden system. For example, the ability for
users to set their own goal is based on the Goal-Setting Theory by Locke &
Latham (2002), with the specific reason for self-setting of goals being that ...the
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individual needs to have decided that the goal is important to her... rather than
being assigned to her with no rationale. More details regarding the goal setting
design decisions can be found in (Consolvo, Klasnja, McDonald & Landay 2009).
Furthermore, the authors draw especially from two major psychological works:
Presentation of Self in Everyday Life (Goffmann 1959) and Cognitive Dissonance
Theory (Festinger 1957). A detailed description of how these theories can be
applied in the design of systems supporting behavioral change can be found in
(Consolvo, McDonald & Landay 2009).

2.4.4 NEAT-o-Games

Similar to the TripleBeat's virtual competition system described above, the
NEAT-o-Games system by (Fujiki et al. 2008) implements a virtual race as moti-
vator for physical activity. The system’s main purpose is to stimulate NEAT —
non-exercise activity thermogenesis — or daily physical activity, by turning daily
life into a game. An activity sensor measures daily physical activity and sends
data to a smartphone over Bluetooth. An algorithm on the phone derives “activity
points” from the measured movements, which propels the user forward in a virtual
race with a networked buddy list, where a winner is declared every day.

The work is motivated by the idea that strong motivation and ubiquity are the
two key drivers for everyday activity behavior change. The motivational aspect is
tackled by opting for a gaming approach, while the ubiquity issue is dealt with by
not requiring the full attention of the ‘player’ all the time. In principle, the user is
playing throughout the day, by having all of his movements captured and trans-
formed into “activity points”. Primarily, these activity points are used to propel
players forward in a virtual race with other players, while points can also be spent
on hints in a cognitive game (Sudoku). The authors mention a set of four design
principles used in the development of the system: simple, informative, discreet,
and motivating. However, other than background on serious gaming for promot-
ing physical activity, the authors do not seem to draw on any scientific theories
of behavior change or tailoring approaches. The distinctive feature of the NEAT-
o-Games system is the virtual race to provide motivation through competition.
In an earlier pilot study it was shown that the addition of a computerized avatar
increased mean activity of the user, and the further addition of a real human op-
ponent increased activity even further (Fujiki et al. 2007). The system does not
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allow for automatic selection of opponents and requires a manual partnering with
a buddy.

The system was evaluated in a short pilot study with eight participants, as
well as a four-week field trial with 10 included participants. The authors state
that the gaming paradigm employed appeared to be effective as the participants
who were classified as ‘consistent users’ reported higher activity levels than other
participants.

2.4.5 The Mobile Fitness Companion

The Mobile Fitness Companion described in (St&hl et al. 2008) consist of a
conversational agent running on a smartphone and a stationary system in the
user's home in the form of a Nabaztag rabbit. The mobile interface shows an
image of the same rabbit to create a feeling of persistence. The focus of this work
is on the creation of a ‘companion’ as well as a natural language interface using
automatic speech recognition (ASR) and text-to-speech (TTS).

The context of the work is the execution of fitness tasks. The system uses GPS
to track the user throughout the day, deriving distance, pace, duration and calories
burned during physical activities. The companion can keep track of a personal
user plan and can suggest tasks for the user to perform based on the time of day
and the user's current location (determined by GPS). The user can accept the
suggestion or initiate a dialogue with the system to suggest a different exercise
(e.g. walking). The technical details of the Mobile Fitness Companion mostly
concern the implementation of the ASR and TTS algorithms and functionalities
through a client (mobile) and server architecture. As such, the authors do not
provide any background regarding theories of behavior change or tailoring aspects
(goal setting and context awareness) employed in the system. Details on the
evaluation strategies can be found in (Benyon et al. 2008) and further details
including evaluation results are presented in (Turunen et al. 2011).

2.4.6 Handheld Exercise Agent

In order to promote physical activity (Bickmore et al. 2009) describes the Hand-
held Exercise Agent. The authors developed a “general purpose health counseling
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agent interface” for use on smartphones. The interface consists of an animated
agent that can display nonverbal conversational behaviors and produce text balloon
output that is synchronized with lip movements. This Embodied Conversational
Agent (ECA) does not produce auditory speech due to privacy concerns. The
article focuses on a pilot study to assess social bonding between user and agent
in the application domain of exercise promotion. The study consists of two condi-
tions: the AWARE condition, in which the agent automatically recognizes walking
activities and the NON-AWARE condition in which the user has to explicitly tell
the system when walking activities were performed. The agent would provide pos-
itive reinforcement after walking bouts of 10 minutes or longer, or provide neutral
comments after shorter activity bouts. Also, in the AWARE condition, the user
could request the total number of steps walked since midnight as additional feed-
back. The user interactions in the system are limited to multiple-choice options,
and possible interactions are scripted in an XML-based hierarchical state-transition
network. The scripts consist of agent utterances in plain text as well as specifica-
tions for transitions to different states based on user selection or sensed information
(physical activity). Scripts are pre-processed using a text-to-embodied-speech en-
gine as well as a viseme (visual phoneme) generator before being installed on the
mobile device.

As a motivation for the work on embodied agents, the authors highlight the
need for effective health behavior change interventions to deliver tailored moti-
vational and informational messages based on the context of the user and his
user characteristics such as motivational readiness (i.e. stage of change), past
behavior, ethnicity and age. The complexity and nuance required to deliver this
type of communication is perhaps most effectively delivered through technologies
that come closest to the “gold standard” of one-on-one face-to-face counseling.
The authors also highlight, from the literature, the importance of health provider
empathy and the quality of the provider-patient working relationship in improving
patient satisfaction, adherence and health outcomes. Context awareness is another
important factor, as it provides the agent with the ability to proactively intervene in
certain circumstances, increasing also perceptions of familiarity, common ground,
solidarity and intimacy. However, the only “context aware” information currently
employed in the system is the detection of bouts of walking. Overall it is hard
to discover how certain design decisions are specifically motivated by (behavior
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change) theories. The system also does not use any specific tailoring approaches,
other than that the use of an avatar should give a personal experience.

The author's focus is on the (embodied) conversational agents and provide much
more background regarding this topic in e.g. (Bickmore & Picard 2005, Bickmore
et al. 2005). More recently, the author's further explored the use of conversational
agents to promote — amongst others — physical activity in (Bickmore et al. 2013).

2.4.7 Haptic Personal Trainer

The work described in (Qian et al. 2010) and (Qian et al. 2011) takes a low-level
approach to feedback on walking behavior for older adults. The solution is a smart-
phone based application that measures steps taken using the built in accelerometer
and provides haptic feedback (vibrations) to the user to stimulate walking faster
or slower. The author's argue that haptic feedback is ideal because it removes the
need to consult the visual interface of the phone while in motion. Besides this
relatively simple assumption, the work does not seem to be based on any specific
theories of behavior change or persuasive technologies. The system also doesn't
implement any specific tailoring approaches other than providing feedback to the
user.

The work is implemented as a phone application (Nokia N95) including a step-
counting algorithm that uses the phone's internal accelerometers. The haptic
feedback consist of structured vibration pulses with varying durations that are
composed into rhythmic units which are detectable by the user. A large focus of the
work is on the development of these perceivable tactile icons (so-called ‘tactons’)
that can aid in non-visual interaction between the system and the user. To find
an optimal way of using the tactile channel for feedback, several experiments were
conducted that are explained in more detail in Qian, Kuber & Sears (2011).

In a second version of the system, the haptic feedback was augmented with
auditory feedback and additional work was done in amplifying the vibration signals
of the phone. Sixteen older adults participated in an experiment to evaluate the
effectiveness of the feedback modalities. For each participant a baseline pace
(steps/minute) was recorded, and based on this lower- and upper limits of their
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ideal desired pace were calculated. During the experiment, participants were asked
to walk for 90 seconds in four different feedback conditions (no feedback, audio-,
tactile-, and audio + tactile feedback). Results showed that best performance —
in terms of additional steps walked per minute — was achieved in a multimodal
feedback scenario using both haptic and audio cues.

2.4.8 Everywhere Run

The Everywhere Run smartphone application described by (Mulas et al. 2011)
is designed to motivate and support users during running activities. The main goal
of the application is to foster social interaction between runners and real personal
trainers so that runners can receive personal training plans. The main motivation
behind the work is that one of the biggest barriers for beginning runners is the
issue of creating a proper workout schedule; and social interaction can help moti-
vate users to exercise. Other than this general assumption there is no reference to
theoretical background on e.g. goal setting theory. In the Everywhere Run applica-
tion, workout plans can be created on the Android based smartphone application,
but more importantly they can be sent to the application via email. This way of
interaction allows professional trainers to design a personalized, detailed workout
plan for the users and send it to the user. When the user starts a session, the
application functions as a virtual trainer by making sure the user adheres to his
training plan. The application’s screen serves as a glanceable user interface, while
audio cues guide the user through the workout session. The application promotes
social interaction by enabling users to share their workout schedules with others.
With the focus on social interaction and setting of exercise goals, the system does
not include any other tailoring functionalities.

A 2012 “updated version” of the system, dubbed Everywhere Race! is presented
in (Mulas et al. 2012). This version focuses on the issue of finding opponents
for a virtual race by implementing an integration with the popular social network
Facebook. The application allows the sharing of created virtual races through
Facebook, and allows users to search for and join existing races. The Everywhere
Race system does not specify the implementation of algorithms for automatic
matching of competitors. The system was evaluated with 35 users over a period
of 30 days and results in terms of motivation and physical activity seem to be
positive.
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Design principle

Give the user proper credit for activity.

Provide personal awareness of activity level.

Ensure fair play.

Provide a variety of motivational tools.

Provide feedback on activities done.

Consider the practical constraints of users’ lifestyles.
Provide both short-term and long-term motivation.
Support social influence.

Provide possibility of integration with existing solutions.
Protect users’ privacy.

o~ s wN R I

=
o

Table 2.5: The 10 design principles based on literature review from social features
and game design principles in fitness applications from Bielik et al. (2012).

2.4.9 Move2Play

The Move2Play system described in (Bielik et al. 2012) is a conceptual design
of an innovative platform to stimulate healthy living and improve quality of life.
A key aspect of the system’s design is the integration of different motivational
facilities (intrinsic and extrinsic) delivered in a non-obtrusive manner, taking into
account the current context of the user. To guide the system’s design, the authors
first describe a set of 10 design requirements for successful implementation of
physical activity encouragement tools, listed in Table 2.5. These design principles
are based on literature review regarding social features for wellness applications
(Ahtinen et al. 2009) as well as game design principles for fitness and exercise
applications (Campbell et al. 2008, Yim & Graham 2007). In their motivation and
background the authors refer mostly to similar existing solutions and do not touch
upon any behavior change theories.

The authors describe a design that encompasses the full scope of their own
design requirements, resulting in a conceptual system that includes many different
tailoring approaches and technological innovations related to activity monitoring
and coaching. The authors propose to increase the accuracy of activity assess-
ment by combining accelerometers with location information provided by wireless
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networks. Activity data is fed back to the user via a number of different visualiza-
tion options, and incorporates goal setting and group feedback. Furthermore the
system contains social encouragement through social network integration, gamifi-
cation techniques such as achievements, badges and unlock-able content, as well
as an animated motivational agent to foster natural communication with the user.
Although the envisioned design is innovative, for the most part the system appears
to be conceptual. Besides a very high-level modular architecture, no technical im-
plementation or algorithmic details are given. From the described modules some
specifics are given regarding the features of a user- and domain model that are used
for inferring optimal activity recommendations. However, from the description of
the evaluation it appears that only minor parts of the described functionality are
implemented.

2.4.10 ActivMON

The work in (Burns et al. 2012) focuses on a low-complexity Ambient Light dis-
play as feedback device for representing the user's level of physical activity. The
paper describes a wrist-worn device that notifies the user of his progress towards
his daily activity goal. The device contains a 3D accelerometer and a multicolor
LED. The ambient light lights up red at the start of the day, and progressively
turns to yellow and green as the user reaches a predefined activity goal — a more
recent paper describes in detail the use of a color gradient as feedback modality
(Burns et al. 2013). Activity is measured using a 3d accelerometer, where thresh-
olding of the magnitude of acceleration is used to increment an activity counter.
Furthermore, the device can connect to a smartphone to enable data synchroniza-
tion with a server. This connects the user to a social group of users which allows
the device to show in near real-time when group members are physically active.
The system was evaluated with a group of five colleagues. After a baseline week
of measuring, each group member received a target activity goal set to 105% of
their baseline activity. Although the device had some usability problems, four of
the five users averaged higher activity levels than their personal goals at the end
of the second week.

The system targets users with attitudes and behaviors described as “less moti-
vated”, and argue that these users are less willing to commit time and effort to

51



Chapter 2

monitor detailed information regarding their physical activity performance. This
is the motivation for using a less complex interface that is simpler to engage
with, such as the ambient display. The decision to include a group-component is
based on the recommendations from Consolvo et al. (2006) of supporting social
influence. Additional details regarding the ActivMON application are presented
in (Burns et al. 2011). Most notably this work describes an interesting tailoring
approach in the form of an Adaptive Goal Setting algorithm. The device will au-
tomatically calculate an average activity level of the first week of use and set a
personal goal to 105% of this value. In subsequent weeks, if the user reaches his
goal, it is automatically raised by another 5%; if the user fails to reach the goal
it is left unchanged. Through the use of a web interface, users can influence the
goal-setting behavior using simple “decrease/increase” buttons to alter the given
goal. Although the authors do not mention it as motivation, this implementation
is a good example of using the principles of the Goal Setting Theory (Locke &
Latham 2002) by providing challenging, achievable goals as well as providing a
mechanism for users to commit to those goals.

2.4.11 BeWell+

The BeWell+ application described in (Lin et al. 2012) combines physical ac-
tivity with sleep- and social interaction monitoring and provides feedback along
those three dimensions using an ambient display on a smartphone's wallpaper (see
Figure 2.2.c). The article focuses on two specific tailoring approaches that aim
to improve a previous version of the system, both of these are aimed at tailor-
ing the experience better to individual users. The theoretical background of the
work mostly consists of a comparison to earlier work as well as similar existing
applications, and includes no mention of specific behavior change theories that are
consulted or used to drive any specific design decisions.

The first improvement in this new version of the system is the use of commu-
nity adaptive well being feedback. The idea is that the performance of individual
users is compared to other users of the system in terms of their well being scores.
Through the use of an algorithm that automatically groups similar users, a more
realistic assessment of an individual user’s performance is possible. This is achieved
by calculating how well he did compared to his peers, instead of comparing with
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an ideal situation (which may be unachievable). The system effectively matches
the user with positive role models, users who are similar in behavior, but per-
form slightly better. The similarity matching is done using a behavioral similarity
network, a weighted graph structure in which the nodes represent users, and the
edge-weight is defined by the similarity between users. This similarity is based
on mobility- (measured through GPS tracking), temporal-, and activity patterns
(measured by activity inference). Details regarding the lifestyle similarity calcula-
tions can be found in (Lane et al. 2011). By repeating the matching progress as
new data is available the system constantly adapts these groupings.

The second aspect of the paper focuses on well being adaptive energy allocation.
As a way of saving battery on the smartphone, the authors developed a system
that prioritizes resource allocation to those sensors and modules of the system that
are most relevant. For example, if the user has a normal sleep pattern but low
physical activity, the system would shift its sensing priorities from sleep to physical
activity. Specifically, the system can adapt the frequency of sensor sampling, fea-
ture extraction, and activity inference; as well as the frequency of communicating
with the back-end cloud infrastructure to send data or collect revised well being
scores from the adaptive well being feedback component.

2.4.12 “Analytic, Social, Affect”

Three variations of a daily physical activity coaching tool are described in (King
et al. 2013): an analytically framed version, a socially framed version, and an
affectively framed version. All three applications work on a smartphone that mea-
sures daily physical activity patterns and provides a glanceable display for providing
feedback of the current level of activity. The work forgoes technical implemen-
tations or descriptions of algorithms for discussion on theoretical background and
evaluation.

The analytic application distinguishes itself by adding user-specific goal setting,
set by the user himself every week, which was also added to the feedback on the
smartphone’s display. Users are provided with goal options of increasing difficulty,
with the idea that graded goals increases self-efficacy while “nudging” individuals
towards their goals (Thaler & Sunstein 2008). When weekly goals were not met,
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the system provides a “trouble shooting” mechanism that helps users in setting
more attainable goals, and also provides additional informational tips on reaching
the weekly goal. This version of the application is heavily based on behavior
change theories related to self-efficacy and goal setting. The social application
focuses on group-feedback displayed by a series of avatars on the smartphone’s
wallpaper, representing the user and other group members. Each avatar's posture
changes based on the activity level of its corresponding user to indicate coarse
performance about individuals in the group. In addition, physical activity feedback
was presented in relation to the group performance, as well as the performance
of a second “competing” group. In order to provide a ‘positive role model’, each
group contained a virtual participant that inhibits healthy activity behavior. The
affectively framed version of the application focuses on the use of a virtual avatar,
a bird, that changes posture, position, and movements based on the level of
physical activity performed by the user (see Figure 2.2.d). Similar to the UbiFit
garden system (Consolvo et al. 2008), this visually appealing representation of
physical activity becomes more attractive if more physical activity is performed.

2.5 Definition of concepts

The overview of related work given in Section 2.2 already touches upon the is-
sue of definitions in the field of tailoring. The process of our literature search
made it even more clear that for example terms like ‘personalization’, ‘tailoring’
and ‘individualization’ are used rather interchangeably throughout the literature.
The article by Hawkins et al. (2008) provides some clear definitions, by coining
‘tailoring’ as an overall umbrella term for various sub concepts defined as “feed-
back”, “personalization” (we use user targeting), and “content-matching” (we use
adaptation?). Unfortunately, Hawkins' use of the term ‘personalization’ to define
a very specific tailoring strategy is rather confusing. Therefore we opted to use
the term “user targeting” — a term taken from the field of advertising (see e.g.
(Wang et al. 2011)).

In this section we expand upon Hawkins' concepts by defining an extended model
of tailoring. In Section 2.6 the model is used as a framework for the analysis of

2The term “adaptation” is taken from Lustria et al. (2008) as an alternative to “content-
matching'.
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Figure 2.2: Example screenshots of four different real time physical activity coach-
ing applications: a) the MOPET system by (Buttussi et al. 2006), b) the UbiFit
Garden by (Consolvo et al. 2008), c) the BeWell+ application by (Lin et al. 2012)
and d) the socially framed application as described in (King et al. 2013).
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the papers included in this survey, while at the same time validating the definitions
given below.

One of the reasons why Hawkins et al.’s (2008) definitions of tailoring fall short
for this survey, is the introduction of recent advanced tailoring techniques such
as context awareness and self learning that are not adequately covered. Sub-
sequently we feel that the concept of goal setting does not fit the model of
Hawkins and should be treated separately. Thirdly, where Hawkins et al. (2008)
shortly treat interaction between users in their description of comparative feedback
(comparing results with that of a peer or group of peers), we will elaborate on
the idea of inter-human interaction as a separate concept. Finally, it is worth
noting that the presented model can be seen as a detailed elaboration on part of
the persuasive system design methodologies as defined by Oinas-Kukkonen & Har-
jumaa (2009), who in turn attempt to develop solid design methods for persuasive
technology based on the fundamentals that have been laid out by Fogg (2003).

2.5.1 Tailoring & communication

Before defining the various aforementioned tailoring concepts we will provide a
working definition of tailoring itself. When talking about tailoring, we use the
word as a transitive verb, meaning we are tailoring something to someone. In
our context of physical activity coaching systems, the someone is the user of the
system who wants to (or has to) change his or her physical activity behavior. The
something is in our case a more complex concept, namely communication. In
short, we tailor communication to the user.

We first need to define ‘communication’ in the context of physical activity coach-
ing. Communication (from the Latin word “communis”, meaning to share) is a
process of sharing information between two or more participants. In our context,
we are talking mostly about a computer agent sharing information with a human
user in order to e.g. motivate, or inform. Every communication instance can be
seen as having four distinct properties: timing, intention, content, and repre-
sentation. As an example, consider the following hypothetical message from a
physical activity coaching system to its user:
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“You haven't been active enough today. Maintaining a healthy level of
physical activity can drastically reduce the chances of cardiovascular
disease. In order to achieve your daily goal, you need to walk for at
least another 18 minutes or perform 12 minutes of vigorous exercise.”

In this example, the timing of this communication would be the moment at
which the system would present it to the user. The communication instance has
three different intentions: (1) to provide information on the user’s current progress
(i.e. feedback), (2) to inform about the benefits of physical activity, and (3) to give
a suggestion on an activity to perform. The content of the communication is the
factual information presented (e.g. the fact that you haven't been active enough),
and the representation is in this case a rather long-winded natural language text.

Now consider the second example in Figure 2.3: a screenshot of the web portal of
the commercially available Nike+ Fuelband activity coach system. Although very
different from the natural language example above, in this form of communication
we can also identify timing (in this case the timing is user initiated as the time
when he or she chooses to visit the web portal), intention (to provide feedback),
content (activity values and goals for seven days, expressed in Nike Fuel points,
the total amount of Nike Fuel earned, and the number of days the goal was
reached), and representation (a bar graph with goal lines).

Looking at these communication instances, the goal of any form of tailoring
would be to increase the likelihood that the system successfully conveys its inten-
tion to the user by matching each of the communication properties in some way
to the user and/or his context.

From the literature, we have identified seven tailoring concepts with varying
levels of complexity: Feedback (FB), Inter-Human Interaction (IHI), Adaptation
(Ad), User Targeting (UT), Goal Setting (GS), Context Awareness (CA), and
Self Learning (SL). These concepts will be defined in Section 2.5.2 below. Then
in Section 2.5.3 the connections between the various concepts will be defined and
explained with examples.
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YOU EARNED

Figure 2.3: Screenshot of the Nike+ Fuelband web portal displaying a seven-
day overview of activity counts (expressed in Nike Fuel points) and daily
goals. Source: http://www.pocket-lint.com/news/114706-7-days-with-nike-fuel-
band (August 2013).

2.5.2 Tailoring concepts

The seven tailoring concepts and their relationships to the communication prop-
erties — timing, intention, content and representation — are explained below.

Feedback — Feedback involves presenting individuals with information about
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themselves, obtained during assessment or elsewhere. To give feedback is
a strategy for achieving the intention of motivating the user to change a
behavior (another strategy could be e.g. to inform about the advantages
of physical activity). Broadly speaking, three forms of feedback can be dis-
tinguished: descriptive, comparative and evaluative. Descriptive feedback
reports what is known about the recipient based upon his or her data, com-
parative feedback contrasts what is known about the recipient with what is
known about others and evaluative feedback makes interpretations or judg-
ments based on what is known about the recipient (Hawkins et al. 2008).
From these three forms of feedback, we treat comparative feedback as part
of the broader tailoring concept “inter-human interaction” described below.
Feedback is a tailoring concept that can exist on it's own, i.e. a communi-
cation can consist of solely a feedback message.
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Inter-human interaction — We define inter-human interaction as the support
for any form of interaction with other real human beings. Inter-human in-
teraction is for example any type of built in support to contact professionals
or peers, share information about performance or progress to selected indi-
viduals or any built in support for professionals or peers to contact the user
to provide support or advice on physical activity. Inter-human interaction
can provide additional motivation (peer pressure) or can provide a feeling of
safety in case of a connection with a healthcare professional.

Adaptation — Adaptation “attempts to direct messages to individuals’ status
on key theoretical determinants (knowledge, outcome expectations, norma-
tive beliefs, efficacy and/or skills) of the behavior of interest’” (Hawkins
et al. 2008). For example, someone that wants to be more active in or-
der to lose weight would receive different messages from the system than
someone who wants to be more active to prevent exacerbation of a disease
like COPD, since the motivation in both cases is different. Similarly, a user
in the precontemplation phase of the stages of change model could receive
motivation as to why being active is good for you, while such information
would not be appropriate for someone in the action phase.

User targeting — User targeting attempts to increase attention or motivation to
process messages by conveying, explicitly or implicitly, that the communica-
tion is designed specifically for ‘you’ (Hawkins et al. 2008)3. When tailoring
communication, user targeting is a technique that attempts to fit the rep-
resentation to the individual. Hawkins et al. (2008) defines the three most
common tactics as follows. Identification attempts to target the individ-
ual by identifying the recipient by name (see (Dijkstra 2014) in this issue),
using pictures of the recipient, or recognizing the recipient’s birthday. Rais-
ing expectation through mentioning explicitly that an advice was specifically
designed for the recipient — a form of ‘placebo tailoring’. And finally con-
textualization by e.g. matching the content of messages to the recipient's
age, sex, culture, or other user parameters.

Goal Setting — According to the Goal-Setting Theory, people are more likely to
change behavior the higher the specificity and (achievable) difficulty of a

3Note that Hawkins uses the term ‘personalization’, which we changed to avoid confusion.
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goal (Locke & Latham 2002). Goal setting is a technique used to present
the user with short-term, as well as long-term goals that can instill a feeling
of progress over the course of an intervention or the day. Goal setting is a
tailoring concept that can only be used in combination with feedback.

Context awareness — For context awareness we adopt the definition from Dey &
Abowd (1999): “A system is context-aware if it uses context to provide rele-
vant information and/or services to the user, where relevancy depends on the
user’s task”. In the area of physical activity coaching, we deal not so much
with tasks, but with ‘needs’ or ‘goals’; but the critical part of this definition
is the notion of context. We define context as any information, non-critical
to the application’s main functioning, that can be used to characterize the
situation of a user or the system (i.e. not including user characteristics).
Context awareness is a tailoring concept that can be used in various ways to
tailor timing, content and/or representation of communication instances.

Self learning — Tailoring techniques such as adaptation and user targeting aim
to adapt communication to a user, while context aware systems aim to
adapt to a user in a particular context. But the ‘user’ is a very dynamic
entity. Any application that employs tailoring techniques has an intrinsic
user model, which is never perfectly accurate or complete. A self-learning
application is able to update its internal model of the user by recording
and learning from the various interactions the user has with the application.
Within an intervention that aims to achieve behavior change, the user is
almost by definition something that changes over time. The intervention
could (and should) for example move the user forward through the stages
of change. This means that an intervention or behavioral change tool that
uses adaptation to tailor communication intent to a specific stage of change
should change with the user throughout his use of the application. This
ability of a tool to change with the user is defined as self learning. A system
can be self learning in the way it employs other tailoring techniques such as
adaptation, context awareness, goal setting or user targeting.

2.5.3 The tailoring model

Figure 2.4 shows the seven tailoring concepts and the ways in which they can
interact with each other. The graph includes an extra node for Motivational

60



Tailoring Real-Time Physical Activity Coaching Systems

Messages (MM) that is not a tailoring concept in itself, but a common technique
used in physical activity promotion applications that can be enhanced through
various ways of tailoring. This node is encircled, depicting that it is a possible
end-node in the graph. The graph should be read as follows. Any path through
the graph represents a possible combination of one or more tailoring techniques
that should end at one of the two end-nodes (FB or MM). For example, the
path CA—FB represents “context aware feedback”, e.g. tailoring the timing of
feedback based on the user’s location, the time, or weather as in (op den Akker
et al. 2010). Designers of physical activity promotion systems can use this to find
various paths of tailoring. By starting at an end node (FB or MM), following
edges back through the graph will lead to ever more complex forms of tailoring.
The self learning (SL) nodes in the graph are special in that self learning can only
be used in combination with other tailoring concepts.
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Figure 2.4: The tailoring model, showing the various tailoring concepts and how
they can be combined to form various motivational communication through feed-
back (FB) or motivational messages (MM) — which is not a tailoring concept in
itself. The other non-end nodes represent context awareness (CA), goal setting
(GS), inter-human interaction (IHI), Adaptation (Ad), and user targeting (UT).
Self learning (SL) can be used to further augment various other tailoring con-
cepts. Starting at one of the end nodes, designers of physical activity coaching
tools can work their way back through the graph to find ways in which to tailor
their communication to the user.
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The following list gives examples for each of the links defined in Figure 2.4.
For those links directed to an end-node the relation to the communication model
properties of timing, intention, content, and representation is given — indicating
which of these communication properties it can affect.

CA—FB Tailor the feedback based on the user's context. E.g. use a different
modality based on the user's location such as audio feedback in private
settings, and text-based feedback in public settings (timing, content, repre-
sentation).

GS—FB Improve the effectiveness of feedback by also providing daily, weekly or
monthly goals, e.g.: “You did 8,472 out of 10,000 steps today!" (content).

UT—FB Change the wording of a feedback message by adding user targeting,
e.g.: “"Mr. Johnson, you have done 7,000 steps so far today!" (representa-
tion).

IHI-FB Receiving group based feedback (timing, intention, content, representa-
tion).

FB—MM Add feedback to a general motivational message, e.g. “You have done
7,384 steps today. Keep it up!".

CA—MM Provide a general motivational message based on user context, e.g.
when the weather is nice: “It's perfect weather to go for a walk!" (timing,
content, representation).

GS—MM Simply stating the daily goal, or informing about an automated change
in goals (content).

IHI-MM Receiving a (motivational) message from a user in a peer-group (or
friend) through the application (timing, intention, content, representation).

Ad—MM If the subject is in the precontemplation stage of change, inform him
about the benefits of physical activity (intention, content).

UT—MM Provide the subject with a general motivational message, enhanced
with user targeting, e.g.: “Mrs. Johnson, maybe you can take a lunch walk
today" (representation).

CA—GS Tailor a user's goals for different days of the week, based on e.g. the
user's agenda.

CA—UT Combine user information (likes, dislikes) with current context, e.g.
recommending a cycling route nearby if the user likes cycling.

Ad—GS Set goals based on psychological constructs, e.g. set an easily attainable
goal for someone with low Self Efficacy.
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Ad—IHI Place a subject in a group of peers based on similarity in psychological
constructs (e.g. same Stage of Change).

UT—GS Set a specific user goal based on a user parameter such as BMI.

UT—IHI Place a subject in a group of peers based on similarity in user prefer-
ences, e.g. likes, dislikes, age, gender.

CA—IHI Place a subject in a group of peers based on his current location (e.g.
users in the same city).

2.6 Survey of real-time, tailored coaching sys-
tems

A total of 15 papers were included in the survey. We have analyzed each of the de-
scribed systems regarding the use of the seven tailoring concepts defined previously.
Table 2.6 lists all the included papers, and indicates whether the application makes
use of these tailoring techniques. The table is split into three parts, the first part
contains real time applications that deal with daily life activities, the second part
with real time applications that are more related to exercises, and the third part
contains two excluded papers that serve as useful examples throughout the analysis
below. The columns indicate the use of Feedback (FB), Inter-Human-Interaction
(IH1), User targeting (UT), Adaptation (Ad), Goal Setting (GS), Context Aware-
ness (CA), and Self Learning (SL).

In the seven subsections below we will explain for each of these aspects of
tailoring how it is currently applied in the literature, and how these methods are
justified by underlying theories.

2.6.1 Feedback

The use of feedback is the most obvious form of tailoring, and it is applied in
all of the real-time physical activity coaching system we have reviewed. Because
it is such a common motivational tool, it is worth to have a more detailed look
at its internal mechanisms and relevant (sub) properties. Feedback on physical
activity is simply presenting the measured amount of activity performed to the
user. It is almost impossible to imagine a real-time coaching system that does not
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Article Tailoring
FB IHI UT Ad GS CA SL

Real-Time Systems — Daily Life Activities

(Bickmore et al. 2009) VR - - - - -
(Bielik et al. 2012) v v v - v v v
(Lin et al. 2012) Ve - - Voo v
(Burns et al. 2012) v o v - v oo -
(Fujiki et al. 2008) v v - Voo -
(King et al. 2013) v v - oo -
(Consolvo et al. 2008) v oo - - v oo -
(Qian et al. 2010) v - - - - - -
(Qian et al. 2011) v oo - - - - -
Real-Time Systems — Excercise Based
(Mulas et al. 2011) v o v - v oo -
(Buttussi et al. 2006) v oo - - - - -
(Buttussi & Chittaro 2008) v oo v - - - -
(Stahl et al. 2008) v oo - - v o voo-
(de Oliveira & Oliver 2008) v v - - - -
(Oliver & Flores-Mangas 2006) v - - - oo -
Non Real-Time Systems — Excluded
(Arteaga et al. 2010) v o v v oo - -
(Saini & Lacroix 2009) v o v - - v oo -

Table 2.6: Overview of papers included in the literature study. The first group of
nine articles deal with Daily Life (DL) activities, the second group of six are mostly
exercise based systems. The final two papers are excluded because the systems are
not real-time (RT), they do however serve as useful examples in the discussions
below. The last columns mark the use of feedback (FB), inter-human interaction
(IHI), user targeting (UT), adaptation (Ad), goal setting (GS), context awareness
(CA), and self learning (SL).
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employ this form of tailoring, but the ways of doing so are diverse. We will discuss
the ways in which feedback communication instances can vary in their timing,
content, and representation.

Timing

We define the timing of feedback as the moment at which users are able to request
their current performance level, or are given a report of their performance by the
system. The timing aspect of feedback is such a distinctive and widely varying
parameter, that this survey already focuses on a subset of these type of systems
— those that are able to provide feedback in real-time. An example of a system
that, based on this criteria, was excluded from this survey is the Philips DirectLife
system described in Saini & Lacroix (2009). The system requires the user to
physically dock an activity sensor to a PC in order to upload data to a central
server before being able to receive feedback through regular emails or by visiting
a website.

The timing of feedback can vary between e.g. receiving weekly emails, all
the way through continuous feedback as for example in the music-based personal
trainers, MPTrain (Oliver & Flores-Mangas 2006) and TripleBeat (de Oliveira &
Oliver 2008) that automatically adjust the music that is playing while exercising
in order to match your current gait and heart rate goals. This type of music-based
feedback is however meant for exercise-based physical activity coaching and is not
suitable for use in daily life. The UbiFit Garden described by Consolvo et al. (2008)
is designed for coaching on daily life activities, and presents a ubiquitous method
of providing feedback by using a glanceable mobile phone wallpaper to provide
subtle feedback to the user whenever and wherever the phone is used. This way,
whenever the user wants to receive feedback he is able to see his own performance
quickly on the display, and even if the user has to perform a different task on his
phone, he is subtly reminded of his activity progress.

The initiative is however with the user, which means that opportune moments
for behavior influencing may go by unused. The literature provides two ways of
overcoming this issue. One is to simply provide feedback that is always visible as in
the ActivMON system presented by Burns et al. (2012). The ActivMON is a wrist
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worn sensor incorporating a multicolor LED that slowly changes color from red to
green as the user reaches his daily activity goal. The second and more obvious
strategy is to let the system decide when to provide feedback. For example, Qian
et al. (Qian et al. 2010, Qian et al. 2011) employ continuous feedback where the
initiative is with the system itself. The system, developed for a Nokia N95 mobile
phone, tracks the user’'s pace (steps/minute) and produces vibrations to indicate
the user to walk faster or slower than their own baseline, or comfortable speed.
Similarly, but in a more realistic activity coaching setting, the system developed by
Bickmore et al. (2009) provides system-initiated positive reinforcement after the
detection of a 10 minute bout of physical activity. Their system supports a flexible
way of dealing with users who fail to respond, as well as a flexible way of defining
a protocol for timing of user notification based on various state transitions and
events.

With this last feature the authors touch upon a question that is in our view
critical, and currently unanswered in the literature: what would this ideal protocol
be? When examining the timing of feedback, there seem to be three dimensions
that play an important role. Initially there is the choice whether the initiative
for providing feedback lies with the user of the system, or with the system itself.
Subsequently, when the system takes the initiative, the question remains what the
right moment and frequency of feedback is. Lastly there is the issue of making
sure that the user actually notices and responds to feedback at the moment it is
provided.

Content

Besides the question of when to give feedback, there is the question of what to
communicate to the user. Arteaga et al. (2010) performed detailed focus-group
based user studies for the design of their system to motivate teenagers’ physi-
cal activity, and one of the aspects included in their studies is personality theory.
Based on the idea of similarity attraction, proposed by Byrne & Nelson (1965), the
authors state that the set of motivational phrases included in the system should
be matched to the users’ personality traits. After presenting a set of motivational
phrases to five focus group participants, some phrases were however unanimously
preferred or disliked, regardless of personality. Whether or not this finding contra-
dicts the idea that phrases should be matched to personality is unclear. It does
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show however, that carefully choosing the content of a feedback communication
matters. There are other examples in the literature of natural language feedback
messages in which special attention is given to phrasing. The wording of the feed-
back presented by the MOPET system by Buttussi et al. (2006) was deliberately
chosen to be gentle (“You are walking regularly. If you are not tired, try to increase
your speed.”), because, as the authors state, the more aggressive inciting of the
Philips Virtual Coach (ljsselsteijn et al. 2004) did not work as well as expected.
More complex approaches of matching motivational messages to the user have
been proposed, as for example in Di Tullio & Grasso (2012), who propose an
abstract argumentation framework — the values system — for automatically gen-
erating motivational arguments based on a matching between system- and user’s
beliefs. The system is based on a logical inference of arguments to influence the
conversational partner’s values (beliefs) system.

It is clear that in the design of some systems, the importance of content is
recognized. However, in most of the included papers, either no special attention
is given to the content, or the content is visual, music based or tactile (feedback
representation will be discussed below). As such it is hard to draw firm conclusions
regarding content. Intuitively it seems relevant, and Byrne and Nelson's similarity
attraction suggests that content of feedback is ideally matched to individuals.
However, further research is needed in order to provide clear recommendations on
how to tackle content in a tailored physical activity coach.

Representation

Natural language text is not the only form of representation in which physical
activity coaching can take place. The chosen representation for interacting with
the user is the most diverse aspect of feedback in the included articles in this survey.
It ranges from spoken dialogue (Bickmore et al. 2009, Mulas et al. 2011, Buttussi
et al. 2006, Buttussi & Chittaro 2008, Arteaga et al. 2010) and music (de Oliveira
& Oliver 2008, Oliver & Flores-Mangas 2006) to more graphical displays (Fujiki
et al. 2008, Consolvo et al. 2008) or even tactile (Qian et al. 2010, Qian et al. 2011)
or using simple ambient light (Burns et al. 2012). The choice of representation
seems to be mostly based on the expected use of the application as well as its
target audience. For example, all of the systems that are focused on exercise based
physical activity employ either spoken dialogue or music as feedback modality, as

68



Tailoring Real-Time Physical Activity Coaching Systems

the user would be too occupied with performing exercise to use the visual display
of a coaching device. As it is difficult to give detailed feedback on performance
through the audio channel, these modalities are always combined with a more
graphical display, such as a graphical representation of a virtual race in e.g. Mulas
et al. (2011).

The concept of exercise based feedback through a multimodal graphical /audio
interface is not exactly new, and there are many free applications for smartphones
available on the market, such as RunKeeper* or SportyPal®, that offer exactly this.
Those applications that aim to support physical activity during daily life show a
more diversified use of feedback representation. Qian et al. (Qian et al. 2010, Qian
et al. 2011) describe the development of a mobile phone based application that
can provide haptic feedback on walking behavior for older adults. The application
uses the phone's internal accelerometer to count steps, and provides vibration
signals for real-time feedback to the user: move faster, or move slower. The
author’s state that vibration signals are an ideal modality for feedback because it
reduces the need to consult the visual interface whilst in motion. There is however
an obvious limitation in richness for this type of feedback. Similar problem of
richness are obvious in the ActivMON system envisioned by Burns et al. (2012),
who developed an ambient display that is worn on the wrist that uses a light-
emitting diode to indicate the user’s activity, as well as the activity of peers in the
user’s social group.

The effectiveness of using such simple modalities for providing feedback is un-
clear, as it has not been evaluated in much detail. The intensity of coaching is
low, and we expect that at least some people require much more in terms of per-
suasion and motivation. As Bickmore et al. (2009) suggest, “...perhaps the most
effective technologies are those which come closest to the ‘gold standard’ of one-
on-one, face-to-face counseling with an expert health provider’. They, and other
authors (Bielik et al. 2012, Fujiki et al. 2008, Buttussi et al. 2006, Buttussi &
Chittaro 2008, St3hl et al. 2008, Arteaga et al. 2010) employ embodied agents to
interact with the user in order to achieve a heightened level of social bonding and
trust between the user and the system. A downside of presenting a human avatar

4http:/ /www.runkeeper.com/
Shttp://www.sportypal.com/
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to the user is that, as Bickmore et al. (2009) conclude, the perception of agent
reliability is a pre-requisite for effective health outcomes as well as for relational
bonding.

In summary

We described how feedback, or presenting individuals with information about them-
selves, is implemented in greatly varying ways across the different studies. We
described the complex issue of feedback through the three properties of a com-
munication instance: its timing, content and representation, and showed the
diversity of use in each aspect. All of the included papers describe systems that
are in the conceptual, or prototype phase, and have undergone only small scale
evaluations at best. This, and the fact that for example timing of feedback is usu-
ally only a very small part of a larger complex activity coaching system, it is hard
to draw firm conclusions on the effectiveness of the various employed strategies.

2.6.2 Inter-human interaction

The second tailoring technique is in a way quite different from feedback, as with
inter-human interaction, it is not the system that does the coaching directly, but
merely enables the user’s peers to coach him or her. The inter-human interaction
strategy is used in seven out of the 15 included papers. In the virtual running
application ‘Everywhere Run’ by Mulas et al. (2011) users are guided through a
running workout by a coaching application on their smartphone. The system allows
users to download a workout plan from other users or from a paid personal (real
life) coach. A system that can connect with professional healthcare personnel or
coaches can provide a feeling of safety and comfort to the user, as he can rely
on the professionally trained coach to design a workout schedule that matches
the user's capabilities. Another IHI technique in a mobile phone based exercise
coach is the inclusion of virtual competition as presented by Fujiki et al. (2008)
and de Oliveira & Oliver (2008). The coaching system described by de Oliveira
& Oliver (2008) supports virtual competitions in which the user can run against
a fictional runner, the user himself on previous runs, or real runners that have
previously run with the system. The competition is set up in such a way that it
does not award faster running, or burning more calories, but awards those runners
that achieve their own exercise goals in a healthy manner. The system allows
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users to choose their own competitor from a database of registered users, or to
let the system automatically select a competitor based on performance similarity
metrics. An evaluation study with 10 subjects showed no significant increase in
performance between the system with competition and an earlier version of the
system that did not include the competition aspect. Although from a subjective
evaluation, five out of 10 subjects indicated that the competition element was the
main reason for enjoying the system.

Other methods of supporting IHI are presented by Bielik et al. (2012), who
envision embedding social network capabilities in their coaching system, allowing
users of the system to connect, share, and communicate with each other through
the application. Sharing your physical activity results, and particularly seeing the
results of other users could work in a motivating way, similar to the virtual com-
petitions described above. Such techniques are already widespread in commercial
fitness tracking applications such as RunKeeper or SportyPal. Social influence
can be a strong motivating element, and being able to connect to your friends
or family through an activity coaching system could increase the connectedness
that you experience with the system and foster long-term enjoyment in using the
system.

2.6.3 Adaptation

Adaptation, or the process of tailoring message content to individuals’ status on
key theoretical determinants, was not found to be applied in any of the real-time
physical activity coaching systems included in the study. We did however find one
article describing the application of adaptation techniques in a physical activity
coach by Arteaga et al. (2010), but the system did not adhere to the “real-time”
criteria. Nevertheless, the system shows an interesting application of adaptation,
which could have been implemented in real time. Arteaga et al. describe a smart-
phone application that uses physical activity games to motivate teenagers to be
more active in order to prevent obesity. A core component of the system is that it
assesses the user's personality profile through the use of a questionnaire that has
to be filled out when starting the application. The personality profile defines the
individual on the level of personality traits such as ‘extraversion’, or ‘openness’,
for which the authors showed correlation to the results of a self-developed ques-
tionnaire consisting of physical activity-, personality-, and mobile phone related
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questions. The system then uses the personality traits to define a set of games
that are specifically relevant to the user’s personality. The system was evaluated
in a small trial with five users, in which there was no comparison with a system
that did not use the personality trait based adaptation step, so it is unfortunately
not possible to comment on the effects of the authors' approach.

Adaptation seems to be a useful tailoring technique. The example given in the
definition (Section 2.5) about not telling a user in the action stage of change what
the benefits of physical activity are seems obviously useful and technically easy to
implement. Unfortunately, the current state of the art of real time physical activity
coaching systems is such, that these methods are simply not being employed.

2.6.4 Goal Setting

Goal setting is a tailoring form that can mostly be seen as an extension of feedback.
Where feedback presents users with information about their performance (e.g.
doing 7,000 steps), goal setting adds a certain value to the presented information
(e.g. reaching 7,000 out of 10,000 daily steps). According to the Goal-Setting
Theory (Locke & Latham 2002), people are more likely to change behavior the
higher the specificity and (achievable) difficulty of a goal. Many of the included
articles describe a form of goal setting for their applications (nine out of 15).
Broadly speaking, two levels of complexity within goal setting strategies can be
identified: simple numerical methods, and methods based on more complex tasks
or schedules.

Similar to the example given, many of the applications that focus on daily life
activities include a simple numerical goal, representing e.g. the amount of steps to
take, or minutes of daily activity to perform. The variations in these applications
relate to (1) the associated time scale of the goals — Bielik et al. (2012) allows
users to set both short-term and long-term goals — and (2) the representation
of the goals — Consolvo et al. (2008) shows a large butterfly on the glanceable
display when the goal is met.

Another more complex way of goal setting is used in the exercise based systems
described in (Oliver & Flores-Mangas 2006, Stahl et al. 2008, Mulas et al. 2011).
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These applications rely on the definition of an exercise schedule either by the
user himself (Oliver & Flores-Mangas 2006) or by an expert through a connection
with an inter-human interaction component (Mulas et al. 2011). Such schedules
can be based on e.g. time spent in a specific heart-rate zone, user’s running
speed/duration, the performance of specific activities such as shopping (St3hl
et al. 2008), or a combination thereof. Currently none of the reviewed papers
include a form of automatic generation of complex goals in the form of task-
schedules.

2.6.5 User targeting

User targeting is the simplest form of tailoring in terms of technical complexity, but
it is a technique not often used in the literature. Out of the 15 included papers,
only two employ some form of user targeting. Buttussi & Chittaro (2008) require
the user of their fitness coach to enter personal information — weight, height,
gender and age — into the system before first use. From this information, using a
so called auto-test, the maximum oxygen uptake is calculated based on a physical
test and the user’s gender and age. During use of the system, the user is given
information on the amount of calories burnt which is calculated for the individual
based on his/her weight. The user’s gender and age are also taken into account
when deciding when to give alerts or speed/intensity advices while performing ex-
ercises. This type of user targeting falls under the category of ‘contextualization’.
The second paper that describes some form of user targeting is by Bielik et al.
(2012). In order to provide tailored motivation, the authors describe the use of a
user model containing preferred activities for each individual. The authors state
that these preferred activities are derived automatically over time (see Section
2.6.7: Self learning), but the details are unclear and it does not appear to be
implemented. The idea however is that each individual receives recommendations
about which physical activities could be performed in order to reach a daily goal,
based on this set of preferred activities. This is another, clearly more advanced
form of contextualization, that adapts the content of messages based on a user
model. The authors also claim to take gender and age into account when deter-
mining an appropriate amount of activity, but it is again unclear how exactly this
is done. Although it seems that these two methods of user targeting remain in
the conceptual phase, the authors did perform an evaluation with another form
of user targeting. Users, in this case children aged 12-13, would start the activity
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coach by choosing a nickname and were then able to customize a personal avatar
that would be used later on for providing feedback. This technique, called identi-
fication, worked very intuitively for the children as it is common practice in online
social services and games. Although its effects on physical activity performance
was not evaluated, for the younger target populations, the ability to name and
customize a personal avatar seems to be a logical and natural feature that could
improve the connectedness between the user and the digital coach.

An overall commonality between the two author’s usages of user targeting is in
the implementation of an internal user model to keep track of application relevant
features of the user. Figure 2.5 shows an example of a high level user model
architecture that covers the examples from Buttussi & Chittaro (2008) and Bielik
et al. (2012). The model consists of three high level types of information: facts,
preferences, and derived properties. Facts are properties queried directly from
the user such as age, gender or height; preferences contains slightly more fluid
properties such as a chosen nickname, or visual features of an avatar, that are also
explicitly given by the user, but could be changed over time. Derived properties
contain dynamic user properties that are derived from the facts and preferences,
as well as from continuous user input. This type of information includes e.g. a
fitness level that is calculated after a specific self-test has been performed, but it
also includes e.g. a statistically learned preference for a certain category of outdoor
activities.

These various properties of the user model can then be used in varying degrees of
transparency to the user. If e.g. calories burnt per hour of walking are calculated
based on the user's weight, this is a form of user targeting that improves the
quality of feedback that is given to the user. But it is also very unlikely that
the user will actually know that this form of user targeting is taking place (low
transparency). This is basically the opposite of raising expectation or ‘placebo-
tailoring’ (see Section 2.5) in which the system would mention explicitly that
advice is specifically targeted to the user. An example of such tailoring, also
known as name mentioning is discussed in Dijkstra (2014) in this issue, where it
is shown that the effects of name mentioning in a smoking cessation application
is dependent on the person’s individual stance on health in general (health value).
Figure 2.6 shows some examples of user targeting techniques and transparencies.
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User Model
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Figure 2.5: An example high level architecture of a user model containing facts,
preferences (obtained explicitly from the user) and derived properties (learned, or
calculated from facts, preferences and or sensed user input).
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Figure 2.6: Four examples of user targeting techniques with varying degrees of
visibility (or transparency) to the user.
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2.6.6 Context awareness

Context Awareness is a tailoring technique used in two out of the 15 included stud-
ies. Stdhl et al. (2008) developed a fitness companion prototype system consisting
of a mobile application and a home system. The mobile companion is developed
as a spoken dialogue system, where the focus lies on spoken interaction with a
virtual embodied agent (a 2D representation of a Nabaztag rabbit) that can be
used during physical exercise such as running or walking. The mobile application
is able to download a daily plan that is generated by the user’'s home system, con-
sisting of various tasks like shopping or physical exercise activities. The companion
is context aware in the sense that it uses location and time to suggest a suitable
task for the user to perform. It is unspecified how this is implemented exactly, but
one can imagine that the system does not suggest to the user to go shopping at a
time when supermarkets would be closed, or suggest a user to go vacuum cleaning
when the user is not at home.

The system described by Bielik et al. (2012) also applies context-awareness
in their contextual information recommendation algorithms. The system uses,
besides the User Model as described in Section 2.6.5, a Domain Model, containing
information about e.g. the day of week, the month, and the weather. As the
article mostly seem to describe a conceptual system, again not much details about
the actual use of this information is given. The example that the authors give is
not related to activity coaching, but to nutritional advice, where the system could
recommend different drinks on colder as opposed to warmer days or different meals
at noon or in the evening. But it is not hard to imagine the usage of the same type
of contextual information for physical activity recommendations, as for example
a recommendation to perform outdoor activities is less suitable when it is raining
outside. Similarly, the system could define a daily activity goal based on the day
of the week, allowing for example office workers to be less active during workdays,
and make up for it on the weekends.

Note that in the discussion on context-awareness we do not consider the ‘navi-
gational cues' and ‘location aware exercise demonstrations’ given by the MOPET
system (Buttussi et al. 2006, Buttussi & Chittaro 2008) as context aware features,
as the navigation of users through fitness trails is the core function of their system.
Similarly the paper by Bickmore et al. (2009) is excluded; although the title of the
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paper contains the term “Context Awareness’, the only information that is sensed
and used in the feedback is the user’s physical activity, which we consider to be
the core information, not the context.

2.6.7 Self learning

Self Learning is a tailoring technique where the system does not merely adapt to
the individual, but automatically adapts to the changing individual in changing
contexts of use. Out of all the included papers, only Bielik et al. (2012) mention
self-learning techniques. The authors describe the application of a User Model,
containing user activity preferences, which is built incrementally as users use the
system. They also describe the use of educational quizzes that are meant to teach
children the benefits of a healthy lifestyle. The results of the quizzes are stored in
the User Model, and on subsequent selections of quizzes, questions in those areas
in which the user has low results are selected with higher probability. As mentioned
before, the work described by Bielik et al. seems to be in a conceptual phase, as
their system evaluation describes covers only a small set of features described in
the paper. The self-learning aspect is not included in those evaluations.

Self learning techniques in real-time physical activity coaching systems are much
more sophisticated than the other possible tailoring techniques and as such, these
techniques are not so ubiquitously used in the literature yet. Self-Learning can
be seen as an upgrade for any other type of tailoring mechanism. For example,
as a first step of tailoring a physical activity coach to its users, a designer can
add context-aware activity recommendations: e.g. advising the user to go for a
stroll through a nearby park, or go to the vegetable market when there is one
currently taking place. Then, as an improvement to such a system, the system
could keep track of the user’s responses to given advice, and learn for example
that this particular user does not like to simply go for a walk, but prefers to do
only purposeful activities, and act accordingly.

2.7 Discussion

Although the fields of physical activity monitoring and tailoring are both extensive
and richly illustrated with example systems, the intersection between the two fields
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where real time tailoring is employed (the focus of this article) yields a somewhat
sparser set of examples. We identified only 15 articles which met the scope and
search constraints defined in Section 2.3 in which real time tailoring for physical
activity is discussed, covering between them a total of 12 different applications.
From these articles, four describe only the use of feedback — the most obvious
form of tailoring — and another four describe the additional use of one other
tailoring concept (e.g. feedback and inter-human interaction, see Table 2.6). The
only paper that describes the use of six of the seven tailoring concepts is mostly
conceptual in nature (Bielik et al. 2012). This indicates that tailoring in this
domain is a novel but emerging research area. As this research area matures,
we hope to see more applications emerging that incorporate a variety of tailoring
concepts based on sound theoretical foundations into the application design.

There exists a considerable body of theoretical literature on behavior change
theories such as the Stages of Change (Prochaska & Velicer 1997), Theory of
Planned Behavior (Ajzen 1991), Goal-Setting Theory (Locke & Latham 2002)
as well as literature on e.g. persuasive technologies (Fogg 2003) and tailoring
(Hawkins et al. 2008). Such theories provide the basis for our definitions of the
tailoring concepts in Section 2.5. Throughout the survey we have given examples
of how these theories can be applied to tailor a real-time physical activity coaching
system. However, in our study of the 12 applications detailed in Section 2.4, we
found that many of the articles failed to clearly specify a theoretical foundation
for specific design decisions. For example, the automatic goal setting functionality
described in Burns et al. (2011) is a textbook example of implementing the Goal-
Setting Theory, but no motivation or reference regarding that theory is given.
Instead, the motivation for application design is often based on similar applications
in the domain. The citing of similar applications, and indeed eachother among
the reviewed articles, seems to be more common than refering to theory. We
believe that this issue arises due to the highly multidisciplinary nature of the field,
as the development of a tailored motivational health tool requires the input from
technicians, medical staff as well as people with a background in psychology.

In principal there is no issue in developing tailored behavior change applications
based on previously demonstrated methods instead of established theory. The
problem is that the effectiveness of the methods referred to are often not proven
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by the evaluation studies performed. The tailoring concepts that are implemented
in the various systems can in general be described as intuitive, and from a techno-
logical point of view, the solutions are often not very complex. For example, user
targeted feedback is provided in Buttussi & Chittaro (2008) by using a simple
formula, taking into account user's characteristics; or activity goals provided in
Burns et al. (2011) are given by averaging the activity of previous days and mul-
tiplying by a factor of 1.05. Although such forms of tailoring seem intuitive, their
effectiveness is not proven. A common method of evaluation is to simply test the
effectiveness of the application as a whole, making it difficult to draw conclusions
regarding the individual tailoring methods implemented. As such, there is a need
to demonstrate the effectiveness of tailoring in a more structured and controlled
manner.

As the ultimate goal of physical activity coaching systems is generally to promote
long-term behavior change, it is clear that evaluations are not a trivial component
of the research in this field. Demonstrating the effectiveness of a coaching appli-
cation would require longitudinal studies, and given the large differences between
individuals (the premise for research in tailoring) also requires a large numbers of
participants. Whenever such large-scale, long-term trials are feasible within the
scope of the research, it would be prudent to perform exhaustive analysis on the
available data. Given the high costs of such trials, it is necessary to ensure that
every aspect of the intervention is regarded, including e.g. an analysis of the user's
active engagement with the system, as discussed elsewhere in this issue (Bouvier
et al. 2014). Although the focus of this work is on physical activity coaching
applications, we believe that the problem pertains to a broader context. Often the
tailoring component is just a piece of the puzzle in the development of an inno-
vative ICT service, while the focus of evaluation is on the service as a whole. We
believe that this is a principal burden for progress in the field of tailoring. There-
fore it is essential to develop innovative evaluation strategies that can quickly and
decisively demonstrate the effectiveness of isolated tailoring approaches for which
the result can be translated to the domain in which the tailoring is applied.

The staged approach to evaluation posed by DeChant et al. (1996) seems a
promising framework for evaluation that can aid in overcoming these issues. The
framework, developed in the context of evaluating telemedicine applications, con-
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sists of four stages of evaluation, from small scale experimental studies that demon-
strate technical efficacy, to larger trials that demonstrate overall system validity.
Translated to tailoring research, the goal would be to first perform small scale, ex-
perimental lab-studies to evaluate the effectiveness of isolated tailoring concepts.
The goal here would be to demonstrate that users recognize and enjoy the tailored
interaction and feel that it actually matches their personal needs or preferences.
Then, the system can be evaluated on higher level constructs. In small scale pilot
studies, evaluation should focus on whether or not the tailored system increases
compliance, and whether or not this effect lasts after a period of use. Only then,
the highest level outcome effects (e.g. increase in physical activity) should be
evaluated in larger scale trials involving more participants.

Future work in the field of tailored physical activity coaching systems should
aim to address the major topics discussed here. In order to arrive at innova-
tive methods of tailoring, multidisciplinary research teams should make use of the
knowledge available in theoretical literature instead of referring to existing appli-
cations in the field. Many different paths of tailoring are currently unexplored.
The tailoring model in Figure 2.4 points out many possible combinations of future
tailoring approaches, and the discussion in Section 2.6 gives examples on all of
the various tailoring concepts that can hopefully serve as a source of inspiration
for future designers of these systems. There is especially room for the application
of more advanced forms of tailoring such as context-awareness and self learning.
Modern smartphones are able to collect a wealth of contextual information such
as location, weather data and digital agenda's. They also contain the process-
ing power necessary to perform powerful analysis using data mining or machine
learning algorithms on the device itself. This combination gives the potential for
a smartphone application to learn exactly how to deliver communication to the
user in various contexts of use. Finally, innovative evaluation methods should be
studied that can be used to quickly and cost-effectively demonstrate the merits of
individual tailoring approaches.

2.8 Conclusion

In this work we have addressed the field of tailoring for real-time physical activity
coaching systems. The survey was used to create a conceptual framework of tai-
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loring. We identified seven key concepts: feedback, inter-human interaction,
adaptation, user targeting, goal setting, context awareness, and self learn-
ing. Each of these concepts relate to each other, as well as to different properties
of a communication instance. Earlier work that aimed to define the field of tailor-
ing (Hawkins et al. 2008) has provided the basis for our framework, but lacked in
covering emerging concepts like context awareness and self learning. The model
we have developed (Figure 2.4) can be used for designers of activity coaching
systems. By following different paths through the graph, different combinations
of tailoring can be explored. The analysis of the included applications based on
the various tailoring concepts (Section 2.6) provides useful examples of how these
concepts are currently being applied. We addressed the state of the art and point
out future research directions as (1) applying available theoretical constructs to
develop new forms of tailoring, (2) exploring new combinations of tailoring, with
a focus on more advanced tailoring processes, and (3) developing innovative, fast
and effective methods of evaluating the merits of individual tailoring approaches
in the context of ICT services as a whole.
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Abstract

Achieving and maintaining a healthy lifestyle, particularly in terms of daily-life
physical activity, is receiving growing scientific, societal and commercial inter-
est. Sensors which can be used to accurately assess a user’s activity behavior
throughout the day have become smaller and cheaper and can connect wirelessly
to increasingly powerful smartphones. This combination of emerging technolo-
gies enables the development of ubiquitous and intelligent coaching applications
that aim to guide the user in achieving sustainable behavior change. These ap-
plications can accompany the user throughout the day and have the potential to
provide tailored coaching whenever most appropriate. To identify the most appro-
priate timing for feedback is the problem addressed in this article. We describe
the development and evaluation of a physical activity coaching application which
automatically identifies the most opportune moment for providing coaching to the
individual user. The smartphone application constantly evaluates the context of
the user and uses machine learning to classify situations as suitable moments for
delivery of motivational coaching. The first phase — the cold start phase, in
which no data for the current user is known — uses a k-nearest-neighbor classifier
(k = 25) trained on historical data. In the second phase, real-time prediction and
self-learning takes place by means of a Support Vector Machine implementation
which is automatically generated on the smartphone and which is re-trained peri-
odically. The system was evaluated by means of a three-month longitudinal trial
with 10 Chronic Obstructive Pulmonary Disease (COPD) patients. Results show
a significant increase in compliance to opportune motivational cues compared to
earlier trials involving COPD patients. In the period between receiving the 41%¢
and 105" cue, user compliance to the system is on average 62.70% versus 56.00%
for a historical COPD dataset (individual p-values < 0.05).
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3.1 Introduction

Due to the aging population, the prevalence of chronic diseases is increasing world-
wide. The growing demand on healthcare services calls for cost-effective treat-
ments that reduce the demands on healthcare professionals. Provision of eHealth
and telemedicine services, in particular technology mediated services which stimu-
late and support patient's self-efficacy, is a fast growing field of research (Ekeland
et al. 2010) and is widely regarded as a promising paradigm to reduce the burden
on the healthcare system. An important factor in the prevention and treatment
of chronic diseases and healthy aging support is the maintenance of a healthy
lifestyle in terms of regular physical activity. Lee et al. investigated the effects
of physical inactivity on a number of major non-communicable diseases world-
wide and estimate that physical inactivity causes 9% of premature mortality and
that if completely eliminated would increase the world's life expectancy by 0.68
years (Lee et al. 2012). Deaths from the major noncommunicable diseases are
projected to rise from 36 million in 2008 to 52 million in 2030 (World Health
Organization 2013).

One of the major noncommunicable diseases in the western world is Chronic
Obstructive Pulmonary Disease (COPD), a respiratory condition characterized by
a non-reversible, progressive limitation of airflow in the lungs. Treatment of COPD
is focused on breaking through patterns of sedentary behavior (fear induced move-
ment avoidance) by stimulating patients to perform regular physical activity, while
teaching them to recognize limits incurred by the disease (Cooper 2009). Optimal
disease management for COPD includes a system of patient self-management and
promotion of a healthy, active lifestyle (Spruit et al. 2013). Current treatment
consists predominantly of prescribed physical exercises by physiotherapists. These
treatment programs fail to induce sustained changes in physical activity behavior,
mainly due to the lack of incorporation into everyday life. Telemedicine or eHealth
has the potential to accommodate sustainable behavior change by monitoring and
providing intensive coaching on physical activity during day-to-day activities of
not only COPD patients, but everyone who wants to maintain a healthy active
lifestyle.
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Over the past years, a telemedicine service to promote sustainable physical
activity behavior change was designed, implemented and evaluated in several dif-
ferent studies, e.g. (Dekker-van Weering et al. 2012, Tabak et al. 2014). Patients
were given a 3D-accelerometer based sensor to assess daily activity patterns, com-
bined with a smartphone for providing continuous visual feedback in the form of
a graph. By comparing the patient’s daily activity, measured in IMA-counts per
minute (Bouten et al. 1996), to a predefined reference activity pattern, the pa-
tient is automatically given motivational cues based on his performance at regular
intervals throughout the day (see Figure 3.1). In this version of the system, the
patients were set to receive cues at fixed times (e.g. once every hour), and the
messages were selected randomly from a list.

The evaluation of this system has shown its effectiveness in stimulating physical
activity (Dekker-van Weering et al. 2012, Tabak et al. 2014), but there are two
major issues that need to be solved: (1) the increase in physical activity tends
to not persist long term, and (2) the response to the motivational cues has a
large variance across subjects and studies. The differing responses to the feedback
mechanisms employed can be attributed to the high degree of heterogeneity within
the target populations. It is widely believed that personalization — or tailoring
— can help in increasing the effectiveness of technologies that aim to achieve
behavior change.

In this article we describe the design, implementation and evaluation of a tailored
motivational cue component which was added as an additional module to an
existing remote monitoring and coaching service. The system, which we call Kairos
is the module in the smartphone application that learns how to find the opportune
moments for providing motivational cues to the user. This is done by constantly
predicting whether or not a user will comply to a motivational cue by learning from
the response of the user to past cues (in terms of activity). In this way, Kairos is
tailored to each individual user and adapts its reasoning over time as the system
is being used. In order to evaluate the performance of the system, we focus here
on a physical activity behavior change application targeted specifically at COPD
patients. However, regular physical activity is beneficial for everyone. The current
advice is that all adults should perform physical exercise corresponding to thirty

1IMA: time Integral of the Modulus of Accelerometer output (Bouten et al. 1996).
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You have taken more rest.

Take a nice walk!

Figure 3.1: Screenshots of the activity coaching application. On the left: cumula-
tive physical activity plotted over a reference activity line indicating the user's goal
between 08:00 and 22:00. On the right: example of an encouraging motivational
cue.

minutes of moderate-intensity cardio-respiratory exercise training for at least five
days per week (Garber et al. 2011). As such, the practical use of the application
is aimed at a broader audience.

The article is structured as follows. Section 3.2 summarizes related work in the
field of adaptive feedback on physical activity. The design and implementation
of the Kairos module is presented in the three subsequent sections. Section 3.3
explains the general principles that are applied for predicting motivational cue
compliance and contains a high-level overview of the functionality of the Kairos
module. Sections 3.4 and 3.5 explain the two different phases of operation for
the module, the cold start phase and the adaptive phase, respectively. Section 3.6
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describes the evaluations of the system that were performed with COPD patients,
focusing on the performance and the adaptive nature of the system. A general
discussion of the work is presented in Section 3.7 and conclusions and future
recommendations in Section 3.8.

3.2 Related work

In 2008, Hawkins et al. defined tailoring as “any of a number of methods for
creating communications individualized for their receivers, with the expectation
that this individualization will lead to larger intended effects of these communica-
tions” (Hawkins et al. 2008). The authors break down tailoring into three separate
strategies: ‘personalization’, ‘feedback’, and ‘content matching’, covering mostly
the tactics used in earlier forms of health content delivery such as using tailored
print (Skinner et al. 1999, Noar et al. 2007, Boudreau et al. 2011). Tailoring is
in general considered to be a promising tool for increasing the effectiveness of
telemedicine or eHealth applications (Brug et al. 1999, Kroeze et al. 2006, Sohl
& Moyer 2007). A study by Bull et al., (Bull et al. 1999) showed that patients
who received tailored information on their physical activity behavior were most
likely to improve, compared to patients receiving more general information. Simi-
lar results were seen in a study by Campbell et al. (Campbell et al. 1994), where
computer-tailored feedback was twice as effective in improving patient’s dietary
habits, compared to general feedback. Although tailoring seems intuitively useful
and has been shown to be effective, it is not yet widely employed in real-time
physical activity coaching systems.

Recent advances in smartphones and wearable sensor technology have enabled
the use of rich, real-time coaching mechanisms. An increase in processing power
and available sensors on mobile devices opened up possibilities of detailed sensing
and reasoning on contextual data for individual users, giving rise to more advanced
tailoring possibilities. In (op den Akker, Jones & Hermens 2014) we provide an
updated definition and model of tailoring that includes more advanced methods
such as ‘context awareness’ and ‘self learning’. The tailoring model provided in
(op den Akker, Jones & Hermens 2014) is based on a survey of the field of tai-
lored, real-time physical activity coaching and includes a discussion on 12 different
applications.
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The timing of communicating motivational coaching messages is an issue that
has not been given much attention. For those applications in which the system
takes the initiative in communicating feedback to the user, the moment of delivery
is often chosen based on a single contextual factor: the current physical activity
level. For example, in the haptic personal trainer (Qian et al. 2011), the system
warns the user with vibrations to indicate that he or she should walk faster or
slower than an individual baseline, or comfortable speed. Similarly, the Handheld
Exercise Agent by Bickmore et al. (Bickmore et al. 2009) provides system initiated
positive reinforcement after the system detected that the user has walked for 10
consecutive minutes or more. These applications use the context of the user (their
physical activity behavior) to determine the moment of feedback delivery, and so,
tailor their communication. However, the level of tailoring is very low, as the
“contextual’ data used is limited to a single type of information, and is solely
based on thresholds.

For additional background we direct the reader to our extensive survey on tai-
loring in real-time physical activity coaching applications in (op den Akker, Jones
& Hermens 2014). Related reviews are presented by e.g. Fry and Neff on periodic
prompts for encouraging physical activity (Fry & Neff 2009), or by Kennedy et al.
on active assistance technology (Kennedy et al. 2012).

3.3 Methods

The overall objective of this work is to increase long-term adherence to physical
activity interventions delivered through an ambulatory activity monitoring and
feedback application running on a smartphone. In the work reported here we
focus specifically on the timing of motivational cues. These text-based cues help
to increase the user's awareness of his own activity and contain suggestions for
tasks to perform in order to balance activity levels. These suggestions can either be
encouraging (when the user is under-performing, the system encourages physical
activity), discouraging (when the user is over-performing, the system discourages
activity), or neutral (neither encouraging nor discouraging activity, in case the user
is within 10% of his current goal).
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Previous studies have demonstrated the added value of providing such motiva-
tional cues in addition to providing real-time feedback presented as a continuous
graph. In (Dekker-van Weering et al. 2012) the authors analyzed the activity levels
of patients suffering from chronic low back pain in 30 minute intervals before and
after a motivational cue. They found that patients indeed decreased their activity
level significantly after a discouraging message (-17%, p < 0.001) and increased
significantly after an encouraging message (+29%, p < 0.049). A more detailed
analysis was done in (Tabak et al. 2014) focusing on COPD patients. The authors
found that the highest patient response to discouraging cues was 30 minutes after
the message (-29%, p < 0.001), while for encouraging cues, this was 5 minutes
after the motivational cue (+23%, p = 0.005). The neutral messages provoked
no significant response, as can be expected.

In order to address the overall objective of increasing long-term adherence,
this work investigates whether compliance to individual motivational cues can be
increased by selecting an opportune moment for delivery of the cue as opposed
to time-based cues (i.e. delivery at regular intervals). With opportune we mean
here the moment at which the expected compliance to the cue is largest (this
moment is defined by a contextual feature vector, see Table 3.3). Our definition
of compliance to a motivational cue is given in equation 3.1, where A,,.(c) is
the amount of activity performed in the 30-minute interval before the cue and
A,ost(c) the activity in the 30-minute interval after the cue. In short, the user
complies to cue ¢, if the intention of the cue corresponds to the observed effects.

The client is compliant to motivational cue c if:
Apre(€) < Aposi(c) , if cis of type encouraging
Apre(e) > Aposi(c) , if cis of type discouraging
(3.1)

The solution presented here is based on a machine learning approach, where the
system automatically predicts the compliance for hypothetical cueing moments.
Earlier work on this topic presented in (op den Akker et al. 2010) demonstrated
the theoretical feasibility of this approach; showing that compliance can be pre-
dicted with an average accuracy of 86.03% (+4.09%) over 38 subjects using a
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simple set of contextual features. We first describe the overall functionality and
architecture of the activity monitoring and coaching application (Section 3.3.1).
Section 3.3.2 describes the application flow for generating motivational cues, and
section 3.3.3 provides the details of the initialization and training phase in which
classifier selection and self-learning takes place.

3.3.1 Overall system architecture

The Kairos feedback timing prediction module is implemented in an existing activ-
ity monitoring and coaching platform. The coaching platform consists of sensors,
smartphones, a server and web portals. The sensor, a ProMove-3D activity tracker
(Bosch et al. 2009) developed by Inertia Technology, uses a 3D accelerometer to
track the user's movement throughout daily life. The raw accelerometer values are
converted on the sensor-node into IMA values, a unit that is shown to correlate
to energy expenditure (Bouten et al. 1996). The data is sent to the smartphone
over Bluetooth every 10 seconds to allow real-time coaching on the phone. The
smartphone application uses the mobile network or WiFi to synchronize data to
a central server. The server takes care of data storage, user accounts and access
control, and provides APIs for delivering data to various web portals. Details re-
garding the requirements, design, development and evaluation of the platform are
given in (op den Akker et al. 2012).

This work is focused on improving the coaching delivered through the smart-
phone. This is achieved by implementing the Kairos system as a stand-alone
module, integrated into our smartphone framework. Figure 3.2 shows the modular
architecture of this Android-based smartphone application. Each module pictured
provides autonomous functionality to the system, and runs in its own Java thread.
Communication between modules can occur through data streams, for continu-
ous data (e.g. from BluetoothModule to ProMove3DReader), or through mes-
sage passing via a central Hub module (not pictured). The arrows in Figure 3.2
represent the most important communication between the modules. The Blue-
toothModule handles general Bluetooth connections with external devices. The
ProMove3DReader implements the communication protocol for the ProMove3D
activity. IMA values coming from the sensor are stored in the IMADataModule,
that also contains reference values. These reference values are the target/goal
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Figure 3.2: Modular architecture of the Android-based smartphone application for
activity monitoring and coaching. In this work, the FeedbackModule is replaced
by the KairosModule. Additionally, the LocationModule and WeatherModule are
added to the system.

values representing how active the user should be. In the Kairos evaluation, these
reference values are set based on the baseline measurements of the patient, and re-
adjusted weekly by a physiotherapist (Tabak, op den Akker, Vollenbroek-Hutten &
Hermens 2014). The UserlnputModule can be configured to trigger interactions
from the system to the user, such as showing a motivational cue (or feedback
message), or presenting a questionnaire to the user. The FeedbackModule, once
triggered by a request, will pick a motivational cue, and pass it to the GUIModule
to display on the user interface.

In this work, the FeedbackModule is replaced by the KairosModule to generate
motivational cues in a more intelligent way. In this new version of the system, the
UserlnputModule is set to trigger feedback once every minute (this mechanism is
kept in place for compatibility reasons). However, the KairosModule will for each
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feedback request determine itself whether or not to honour it. Two additional new
modules are added to the system: the LocationModule provides broad location
information (based on the cellular network) in order for the WeatherModule to
retrieve location-based weather information as input for the KairosModule.

3.3.2 Generating motivational cues

Figure 3.3 shows an abstract component view of the Kairos module in which the
numbered arrows indicate the sequential flow through the various steps of opera-
tion.

feedbackRequest

SubjectContext
contextData

EventGenerator

CueClassifier CueHistory

ColdStartClassifier 8 AdaptiveClassifier

Figure 3.3: Flowchart representing the process of motivational cue generation in
the smartphone application.

The Main process receives requests to send a cue from the application’s event
scheduler every minute (0). A cue-request-message contains information on the
user’s deviation between the current and the desired physical activity level. This
information is passed on to the EventGenerator (1) that generates the “hypothet-
ical” cue-event that could be given at that moment in time.
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Example: the user’s activity level is currently 16% below his predefined reference
line. Based on this information the EventGenerator generates an encouraging
message, where the content is picked randomly from a set of predefined
messages which have the same intention but are expressed differently in
order to reduce habituation effects.

The cue-event is enriched with a number of contextual parameters that it re-
trieves from the SubjectContext, and is then sent back to the Main process (2).
Subsequently, the CueClassifier — which can either be an AdaptiveClassifier or a
ColdStartClassifier — is used to predict the compliance to the hypothetical cue-
event (3). The predicted compliance (true or false) is sent back to the Main
process (4). If the predicted compliance is false, the process stops. If the predicted
compliance is true, the motivational cue is sent to the application’s Graphical User
Interface for presentation to the user (5).

Example: the message enriched by context information makes up a feature vec-
tor, such as (message: "Please go for a walk”, time: "13:42:44", weather:
“sunny”, temperature: “18"). The classifier is trained on this type of data
to predict whether or not the user would comply to this message. Based on
the classifier's decision, the user will or will not receive the message on the
smartphone screen.

The cue-event including its contextual parameters and predicted compliance
value is sent to the SubjectContext (6) for further processing. As soon as the
user of the application reads the motivational message, a notification is sent to
the Main process (7) and passed on to the SubjectContext (8). Thirty minutes
after the message was read by the user, the cumulative activity of the user of this
past half hour is retrieved and used for calculating whether or not the user actually
complied with the cue (according to Equation 3.1). All information is then stored
in the CueHistory (9), which writes the data to a file on the smartphone.

Example: the system generates the message “Please go for a walk”. After some
time the user notices it, reads the message, and confirms by pressing OK.
Thirty minutes after this moment, the user’s response to the message is
evaluated and stored for future training of the classifiers.
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Using this algorithm it is theoretically possible for the user to receive a motiva-
tional cue every minute. As this is not a desired behavior for the system, a manual
check is included to prevent messages from being generated within 30 minutes of
each other. The duration of this interval is set to 30 minutes because this is the
length of the interval we use for calculating compliance.

3.3.3 Initialization and classifier selection

Each time the smartphone application is started — in the experimental setup,
every morning of a measurement day — a number of initialization steps have
to take place before the module can start with the generation of motivational
cues as described above. As depicted in Figure 3.3, the system can either use
an AdaptiveClassifier or a ColdStartClassifier, depending on whether enough user
specific data has been collected. Furthermore, if enough data is available, the
real-time classifier has to be retrained periodically. Algorithm 1 below describes
this procedure in pseudo code.

All the motivational cues that have been presented to the user, and for which
actual compliance has been calculated are loaded from the disk (line 1). If the
total number of available cues is smaller than 25 (this value is explained in Section
3.5) the pre-generated cold start classifier is loaded from disk, and initialization
is complete (line 3-5). If enough data is available, the system attempts to load a
previously stored version of the real-time classifier from the disk (line 6). If this is
the first time the threshold of 25 is reached, and the classifier does not exist yet,
a new classifier is created and stored to disk (line 7-9).

Every time the application initializes with the real-time classifier, the classifier
is retrained using all available data. This can be done in two ways. A light retrain
retrains the classifier keeping the feature set unchanged, while a heavy retrain also
starts a new feature selection phase (both are explained in more detail in Section
3.5). Each time a heavy retrain takes place, a counter is incremented and stored
with the classifier (line 13). The counter is retrieved (line 10), and if the number
of available motivational cues exceeds a new multiple of 25, a new heavy retrain is
initialized (line 11-12). Otherwise, a light retrain is performed on the classifier (line
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10

11
12
13
14
15
16

17

cueHistory <— loadCueHistory();
totalMotivationalCues +— cueHistory.size();

if totalMotivationalCues < 25 then
| classifier < loadColdStartClassifier();
else

classifier « loadAdaptiveClassifier();

if classifier does not exist then
| classifier < new AdaptiveClassifier();
end

heavyRetrainCount < classifier.getHeavyRetrainCount ();

if totalMotivationalCues > ((heavyRetrainCount +1) x25) then
classifier.doHeavyRetrain (cueHistory);
classifier.setHeavyRetrainCount (heavyRetrainCount +1);
else
‘ classifier.doLightRetrain (cueHistory);
end

end

14), and initialization completes. In short, every time 25 new instances become

Algorithm 1: Initialization procedure of the KairosModule.

available, the feature selection procedure is run again.

3.3.4 Datasets

The core components of the Kairos system described above are the two classifiers:
the cold start classifier (Section 3.4) and the real-time classifier (Section 3.5).
Sections 3.4 and 3.5 describe the research done on developing these two classifiers
based on activity and feedback data that was collected between October 2008
and June 2011. Five different datasets were used for the prediction of feedback
compliance: two datasets from monitoring of chronic fatigue syndrome (CFS)
patients, one dataset from monitoring of chronic low back pain (CLBP) patients,
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one dataset from chronic obstructive pulmonary disease (COPD) patients, and one
from a study of obese subjects and healthy controls:

CFS RCT1 — The CFS RCT1 dataset consists of activity data from 75 pa-
tients suffering from chronic fatigue syndrome, divided into an intervention
group — receiving motivational cues — and a control group. Data was
collected during a randomized controlled trial between November 2008 and
January 2011 in the Netherlands. Overall results of the study are described
in (Evering 2013).

CFS RCT2 — The CFS RCT?2 dataset consists of activity data and motivational
cue event logs from 28 patients suffering from CFS (Evering 2013). In this
randomized controlled trial, patients were divided into two groups receiving
an activity target based on two different methods. The data was collected
between January 2010 and April 2011.

CLBP — The CLBP dataset contains activity and motivational cue data from 17
patients suffering from chronic low back pain. This dataset does not contain
a control group and every subject received motivational cues. The data was
collected between October 2008 and December 2009 and is described in
more detail in (Dekker-van Weering et al. 2012).

COPD RCT — The COPD RCT dataset consists of activity and motivational
cue data from 16 patients suffering from chronic obstructive pulmonary dis-
ease. The dataset contains data from the intervention arm of a randomized
controlled trial and is collected between October 2010 and June 2011. The
RCT is described in (Tabak et al. 2013) and details on the intervention arm
specifically are given in (Tabak et al. 2014).

Obesity — The Obesity dataset contains activity- and feedback data from obese
subjects as well as activity data from healthy subjects. The dataset contains
a total of 40 subjects and was collected between October 2008 and January
2009 as part of a student project.

An overview of the datasets is given in Table 3.1. Besides describing different
patient populations, all datasets were gathered using the same measurement device
and smartphone application. Differences in the data collection procedure relate to
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General Motivational Cues

Dataset N Days N Days Enc Neu Dis Tot

CFS RCT1 75 1444 32 446 572 1620 495 2687
CFS RCT2 28 516 25 251 425 832 183 1440
CLBP 17 322 17 153 101 1055 615 1771
COPD RCT 16 255 15 135 483 761 244 1488
Obesity 40 308 17 100 748 183 75 1006
Totals 176 2845 106 1085 2329 4451 1612 8392

Table 3.1: General information on the five datasets used for data analysis; includ-
ing number of subjects (N), and total measurement days (Days). Specific infor-
mation regarding motivational cues includes encouraging- (Enc), neutral- (Neu),
discouraging- (Dis), and total motivational cues (Tot).

the frequency of feedback (as either once per hour or once every two hours) as
well as in the details of setting the reference activity pattern.

3.4 Cold start phase

Whenever a new user starts using the activity coaching application with predic-
tive cue timing, the system does not yet have any data that defines the user’s
behavior. In machine learning, this is generaly known as the cold start issue. In
this particular case, the system needs to generate a user-specific classifier — the
real-time classifier (Section 3.5) — based on the responses to previously given
motivational cues. Since these are not yet available, the system has to fall back
on a less tailored approach. The simple solution would be to fall back on the old
method of presenting feedback once every hour until enough data has been gath-
ered. In the Kairos system we use a more advanced approach based on data from
other previous users of the activity coaching system. As explained in Section 3.3.3,
whenever less than 25 motivational cues with known compliance are available for
the current user, the application employs the ColdStartClassifier. This classifier
was trained on the available data from the five datasets described in Section 3.3.4.
In this section the details regarding the creation of this classifier are explained.
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3.4.1 Data

Not all of the 8,392 motivational cues that were generated in the five studies of
Section 3.3.4 are usable for training the cold start classifier. In order to arrive at
the final dataset for training and evaluation, the following filters were applied to
the data:

Remove neutral cues (-4,451) — it is not possible to define compliance for
neutral messages (e.g. “You're doing fine!”), as these cues are not deliv-
ered with the intention of changing the user's behavior. Although neutral
messages might have an effect on activity behavior, it is not logically clear
whether or not to classify either an activity increase or decrease as compliant,
therefore all 4,451 neutral messages are removed.

Remove time-overlapping cues (-903) — the timestamp of the motivational
cues in which we are interested is the moment that the user observed the
cue on the smartphone’s display. In the system used for gathering this data,
whenever a user did not acknowledge a cue (by pressing “"OK"), the next
cue-screen would be overlayed on top of the previous one. Subsequently,
when the user did observe the cues on the smartphone's screen, he would
acknowledge a series of messages in short succession. In this case, all but
the last acknowledged cue are filtered out.

Remove cues with unknown compliance (-269) — in order to calculate the
compliance using Equation 3.1, at least 90% of the measured activity data
is required in the 30 minute intervals before and after the motivational cue.
Measured data is not always available due to e.g. sensor failure, or a cue
being generated at the beginning or end of the day.

After applying the above filters, a total of 2,769 motivational cues usable for
classification remain. Table 3.2 shows an overview of the data per dataset, includ-
ing the average compliance over all cues.

3.4.2 Features

The goal of the classifier is to predict compliance for a potential motivational cue
based on some contextual data known at real-time while running the application.
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Dataset N Enc Dis Tot Compliance
CFSRCT1 32 463 410 873 66.21%
CFSRCT2 25 327 153 480 63.75%
CLBP 17 58 465 523 61.95%
COPD RCT 15 234 131 365 58.08%
Obesity 17 469 59 528 47.54%
Totals 106 1551 1218 2769 60.35%

Table 3.2: Overview of the motivational cue data usable for classification; in-
cluding number of subjects (N), encouraging- (Enc), discouraging- (Dis), total
motivational cues (Tot) and average compliance.

This means that when defining the feature-vector for the cues, we are limited to
information that can be gathered by the smartphone in real-time. Because we are
using ‘historical’ data, not gathered primarily for the purpose of this classification
challenge, we are also limited to the data that was actually recorded during those
previous studies. The set of potential features defined for the cold start classifier
is given in Table 3.3. To simplify the definitions, we assume that time t is the
time at which the motivational cue was generated, or a potential motivational cue
is generated. So, e.g. time t - 30 corresponds to the moment thirty minutes
before the generation of the cue.

3.4.3 Feature- and classifier selection experiments

For the creation of the cold start classifier we use the WEKA platform (Witten
& Frank 2000, Hall et al. 2009). This toolkit contains implementations of many
different machine learning algorithms, making it convenient for quickly exploring
different classifier types. The toolkit is written in Java which also allows for easy
integration in an Android application. We performed a series of machine learning
experiments in order to (1) determine the most suitable classifier, and (2) deter-
mine the set of features that yields the best performance. We define performance
in this case as classifier accuracy, i.e. the number of correctly classified instances
divided by the total number of instances in the dataset (2,769). The baseline
accuracy of the classifier, equal to the average compliance over the whole dataset,
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Feature Description

Activity Related Features (3)

averageCompliance The average compliance of all previous cues.
distanceFromReference Percentage of deviation from the reference line at time t.
approachingReference true if the distance from reference at time t is less than the

distance at time t-30, false otherwise.

User Related Features (3)

diagnosis The diagnosis as either cfs, clbp, copd, or obesity.
age The age of the user in years.
gender The gender of the user as either male, or female.

Time Related Features (5)

dayOfWeek One of {mon, tue,wed,thu,fri,sat,sun}.

weekDay true for {mon,tue,wed,thu,fri}, false otherwise.
dayPart morning (<12:00), evening (>18:00), or afternoon.
hourOfDay Time of day rounded down to the nearest full hour.
dayOfUsage Number of days the user has been using the system.

Message Related Features (12)

cueType Either encouraging or discouraging.

cueGoOutside true if cue tells you to go outside, false otherwise.
cuelsAQuestion true if cue is phrased as a question, false otherwise.
cueSuggestldle true if cue suggests doing nothing, false otherwise.
totalCuesToday Total amount of cues this day.

encouragingCuesToday Total amount of encouraging cues this day.
discouragingCuesToday Total amount of discouraging cues this day.
sameCueTodayCount Total times same cue was given this day.
sameCueOverallCount Total times same cue was given overall for this user.
sameTypeCueTodayCount Total times same cue-type (enc/dis) was given this day.
sameTypeCueOverallCount Total times same cue-type (enc/dis) was given overall.

Weather Related Features (2)

maximum Temperature Max. outside temperature today on the user's location.
minimum T Temperature Min. outside temperature today on the user’s location.

Table 3.3: Overview and definitions of the 24 features used for the cold start
classifier.
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is 60.35% (see Table 3.2).

We employ genetic algorithms to greatly speed up the process of finding good
feature sets. Genetic algorithms are search algorithms based on concepts from
(biological) evolution to effectively explore large search spaces (Goldberg 1989).
We aim to find an ‘optimal’ set of features from a possible set of 22 (i.e. a search
space of 222 — 1 = 4,194, 303 possible feature sets). Since the search space is too
large to fully explore, our genetic approach allows us to do a guided exploration.

In our particular implementation we use chromosomes, which are 22 character
long binary strings, that represent the subsets of features. Each position in the
string maps to a specific feature, where a ‘1’ means to include the feature and
a ‘0’ to exclude it from the set. The process of feature selection is then as
follows. We first generate an initial population of 100 random chromosomes.
For each of these chromosomes we first calculate its fitness. For this, we filter
the feature set according to the mapping in the chromosome bit-string. Then,
using the reduced feature set we train a certain classifier and evaluate it using
10x10-fold cross validation. The average accuracy of these cross validation runs
is the chromosome’s assigned fitness value. Then, a new set of 100 chromosomes is
generated by selecting pairs of 2 chromosomes (using tournament selection (Miller
& Goldberg 1995) with a tournament size of 2), and using these 2 chromosomes
as ‘parents’, to generate new ‘child’ chromosomes through crossover (P = 0.7)
and mutation (P = 0.001). This new population is evaluated, and the process
is repeated until 95% convergence is reached (i.e. 95% of the chromosomes in
the population are the same). This process results in a list of chromosomes that
share the highest found fitness. From this list, we select the one with the highest
amount of included features (or choose one randomly if there are more than one)
as the final ‘optimal’ feature set.

Using this workflow we evaluated 60 different classifiers (including 34 variations
of the nearest-neighbor algorithm) for which implementations were available in the
WEKA toolkit. Figure 3.4 shows the results for a selection of the used classifiers.
We show the improvement over baseline (% = 60.35%) as a percentage by
dividing the number of additionally correctly classified instances for the classifier

by the remaining number of instances (i.e. (n — 1671)/(2769 — 1671)). The
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results in black are obtained using the realistic feature set as described in Table
3.3. We repeated the experiments with an enhanced feature set, with a total of 46
features, including features that can not be used in the real-time application, such
as retrospectively added weather information. This was done to show potential
improvement in accuracy, and the results are plotted in the background in gray.

Accuracy of cold start classifiers
35 —

Accuracy improvement (+%) over baseline

o o 4 0o 5 0 o o u [ [0} =
gS52=s8s5 8288255388355 ¢
S 2232 L2 EFrSssS 1l Eg0Qp 3>
= 3§ 0 gnﬁm‘—m gou_l— T n T X
n g m O m £ -~
c = o) Z = 2 [ <] m <
S © S = @ =
g 2 = 3
a9

(&)

Figure 3.4: Percentage of accuracy improvement over baseline for training cold
start classifiers for motivational cue prediction. In black, the results are shown
when using the ‘real’ feature set from Table 3.3; in gray the possible results when
using additional features.

Since the results of the best classifiers in Figure 3.4 do not differ significantly,
we selected the simple IB25, or 25-nearest-neighbor algorithm as our final cold
start classifier type. This classifier compares the feature vector of unseen cues
to cues with known compliance, and averages the score of the 25 closest cues to
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produce the final prediction. We chose this classifier for its low complexity as well
as fast performance. The classifier has a final accuracy score of 68.77%, a 21%
improvement over baseline.

3.5 Adaptive phase

In the adaptive phase of the application, the feature selection and training of
classifiers occurs on the smartphone using data from the individual user only. First
we performed simulation experiments on the historical data. This was done to
show the feasibility of predicting cue-compliance based on the data from a single
user, but also to select which classifier would be most suitable to be used in the
application. These experiments are described here together with details regarding
the actual implementation of the system.

3.5.1 Data

From the dataset used to train the cold start classifier (Section 3.4), we now only
use those subjects that have at least 25 motivational cue instances available (the
adaptive phase will only start after 25 cues have been collected). Removing those
subjects with less than 25 cues leaves us with a total of 50 subjects, and a total
of 2,024 motivational cues, with an average compliance of 62.40%.

3.5.2 Features

The feature set used for showing the potential performance of adaptive classifiers
slightly differs from the feature set used for the cold start classifier, defined in
Table 3.3. The user related features are not usable, because they would be the
same for every instance in the dataset for individual users. Since these experiments
are done to show the feasibility of the approach, we do not pose restrictions on
processing time, or real-time availability of features, but instead use all the data
that is available in our historical datasets. With this in mind we added four weather
features that were extracted from the Royal Netherlands Meteorological Institute’s
database: mean temperature, precipitation-duration and -sum, and a measure of
the cloud-cover at the approximate location of the user (close to the place of
residence). In addition, we added 13 new features extracted from the activity
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pattern as performed by the user in the hour before the cue, as well as 4 additional
features extracted from the cue itself and the history of given cues. A total of 42
features were used to generate the data for the 50 subjects for these experiments.

3.5.3 Feature- and classifier selection experiments

The experiment setup and configuration was the same as described for the gener-
ation of the cold start classifier in Section 3.4.3. For each of the 50 subjects we
performed the genetic feature selection experiments for the 60 different classifier
types. For each classifier type we summed the total number of correctly classified
instances over all subjects. We then calculated the improvement over baseline
(% = 62.40%) as a percentage by dividing the number of additionally correctly
classified instances for the classifier by the remaining number of instances (i.e.
(n —1263)/(2024 — 1263)). The results of these experiments are summarized in
Figure 3.5, showing for a selection of the classifiers the average improvement over
baseline.

From the results in Figure 3.5 it can be seen that there is a potential for good
accuracy when predicting cue compliance using the data of one subject only. The
best results are obtained when using the MultiLayerPerceptron (MLP), or neu-
ral network classifier with 72% improvement over baseline (accuracy of 89.38%).
However, because the best three classifiers (Ridor, Logistic and MLP) are relatively
complex and have high training times, we chose to use the SPegasos classifier
(Shalev-Shwartz et al. 2007). The SPegasos, or Primal Estimated sub-GrAdient
SOlver for SVM classifier uses an optimized iterative algorithm for finding support
vectors, and thus is an implementation of a support vector machine. The classi-
fier shows a good trade-off between performance (87.80%, a 68% improvement
over baseline) and training time, and as such is selected for implementing into the
smartphone application.

3.6 Evaluation

The Kairos implementation presented here was evaluated in the context of the
European AAL project IS-ACTIVE?. The evaluation was set up as a single-case

2http://www.is-active.eu/
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Potential accuracy of adaptive classifiers
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Figure 3.5: Results for feasibility of adaptive prediction of cue compliance as
average percentage improvement over baseline for 50 subjects for various classifier
types.

experimental study with the main purpose of investigating long-term changes in
activity behavior of COPD patients (general results of the intervention are pre-
sented in (Tabak, op den Akker, Vollenbroek-Hutten & Hermens 2014)). In this
article we describe the study design and evaluation results from the perspective of
the work on automatic prediction of motivational cue timing.

3.6.1 Study design

A total of 10 patients (4 female) with a clinical diagnosis of COPD participated
in the longitudinal study and were recruited from a rehabilitation center in the
Netherlands. The study consisted of four phases: (1) baseline, (2) cold start
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intervention, (3) adaptive intervention, and (4) follow-up. The baseline measure-
ment consisted of a one-week “blind” measurement of physical activity. During
this period, patients wore the activity sensor and used the smartphone application
for data collection only. After the baseline period, a mean daily activity level for
each patient was calculated. Based on this mean, the reference line was defined
by spreading the mean daily activity according to the daily distribution of healthy
individuals: 40% in the morning, 30% in the afternoon and 30% in the evening.
These values were then raised by 10% to provide a challenging, but achievable
personal goal (Locke & Latham 2002).

The intervention phases (2 & 3) lasted for a total of three months. During the
intervention, the patients where able to see a graph of their current cumulative
daily physical activity on the smartphone application projected over their reference
(goal) line. Also, the patients started to receive motivational cues, first provided
by the cold start classifier (Section 3.4) and later by the adaptive classifier (Section
3.5). Whenever the patient’s current activity is more than 10% below- or above
the reference line, they are eligible for receiving encouraging and discouraging cues
respectively. Additionally, during the intervention phases, the patient’s reference
line was updated to reflect changes in mean daily physical activity. This process
was performed manually by a physiotherapist using a synchronized web portal
service. The final phase of the study was a one-week follow-up measurement of
daily physical activity, taking place three months after the end of the intervention.

3.6.2 Results: cue compliance

Results from a clinical point of view are described in (Tabak, op den Akker,
Vollenbroek-Hutten & Hermens 2014) and show that the intervention is effec-
tive for some patients, but not for all. We focus here on the evaluation of the
cold start and adaptive classifiers, as well as the patient’s compliance to the mo-
tivational cues generated; and compare these results to our earlier studies. Table
3.4 shows for each patient in the trial the total number of days for which data is
available (D), the number of intervention days (Dy.), the encouraging (Cere),
discouraging (Cgis) and total (Cy:) amount of cues generated and the mean
compliance per individual as total number of complied cues divided by the total
number of cues for which compliance could be calculated.
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SUbJ Dtot Dcue Cenc Cdis Ctot Compliance

isa07 66 52 57 137 194 116/178 65.17%
isa08 52 43 59 162 221 132/211 62.56%
isa09 32 27 21 6 27 15/25 60.00%
isal0 55 42 61 5 66 29/60 48.33%
isall 80 67 145 160 305 183/270 67.78%
isal2 82 72 67 70 137 79/130 60.77%
isal3 88 74 251 56 307 151/280 53.93%

isal4 48 22 16 64 80 a7 /77 61.04%
isalb 17 11 30 51 81 36/69 52.17%
isalb 40 32 11 27 38 24/37 64.86%

Totals: 560 442 718 738 1456 812/1337 60.73%

Table 3.4: Basic statistics on the motivational cues provided in the evaluation. For
each subject we show the total number of measured days (Dy,:), total number
of days in the intervention period (D), Total encouraging (Ccn.), discouraging
(Cais) and combined (Cyy:) cues and the compliance to those combined cues.

118



Reaching Kairos

The average compliance of 60.73% over 1337 cues is not significantly better
than the average compliance of 60.35% over 2769 items from all previous datasets
(Table 3.2), using z-test (p = 0.4052). Compared to the 58.08% of the historical
COPD RCT dataset, this difference of 2.65% is also not significant (p = 0.1788).
However, the patients in our trial used the application for a relatively long period
of time, receiving on average 134 usable cues per patient, compared to only 26 for
the historical datasets. As compliance decreases over time, the comparison of final
mean compliance is not completely fair. Figure 3.6 shows this compliance over
time by plotting the average compliance for all patients after receiving n messages
for all historical data, the historical COPD dataset, and for the Kairos data. The
graph shows the 95% confidence intervals for the Kairos dataset and the historical
COPD dataset.

The graph in Figure 3.6 is divided into four segments, describing four phases
of use of the coaching system. After having received 25 cues, average compli-
ance has peaked for the historical datasets. We hypothesize that this initial high
compliance is due to the novelty effect of receiving coaching from the system.
Between the period of having received 26 to 55 cues, after the novelty effect has
worn off, average compliance drops especially for the COPD RCT dataset and to
a lesser extent for the full Historical dataset. Then, a stabilizing phase occurs
(56 to 105 cues) in which the average compliance slowly converges to a certain
equilibrium. Between 41 and 55 cues, Kairos performs significantly better than
the total historical dataset (p <0.05). In the period between 41 to 105 cues, the
Kairos classifier performs significantly better than the historical COPD dataset
with an average compliance of 62.70% for the Kairos classifier versus 56.00% for
the historical data (p <0.05). From the point of having received 106 or more
messages, average compliance remains stable.

3.6.3 Results: classifiers

We look here at the performance of the adaptive classifiers during real-time use.
Table 3.5 shows for each subject the number of intervention days (D.y.), the
final number of cues available for classification (Cues), the total number of light
retrains (Tiignt) and heavy retrains (Thequy) Of the classifier, and the accuracy
achieved by the last trained classifier (Accuracy).
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Figure 3.6: Average compliance in percentage over time after receiving n cues
for the Kairos dataset (top), the complete historical dataset (middle) and the
historical COPD RCT dataset (bottom).

As explained in Section 3.3.3, classifier training occurs at every application start-
up. As the study protocol dictates the user to switch off the phone at the end of
every day (for recharging), one would expect the number of training events (769)
to match approximately the number of intervention days (442). Nevertheless, a
large difference can be observed here. This difference of 327 training events can
be caused by the user deliberately restarting the application during the day, but
is much more likely to indicate regular application crashes, especially for patient
isa08 and isall.

From Table 3.5 it can be observed that final classifier performance is in general
higher for subjects that have fewer useable cues. We aim to clarify this observation
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Subject D.,. Cues Tygnt Theavy Accuracy

isa07 52 178 66 6 67.24%
isa08 43 211 142 8 69.31%
isa09 27 25 34 1 96.00%
isal0 42 60 58 2 93.33%
isall 67 270 181 10 69.63%
isal2 72 130 88 5 80.00%
isal3 74 280 75 11 68.93%
isald 22 77 27 3 87.01%
isalb 11 69 12 2 84.06%
isald 32 37 37 1 89.19%
Totals: 442 1337 720 49 78.31%

Table 3.5: Overview of received cues and number of light- (T;ign:) and heavy-
retrains (Thequy) for the classifiers from the Kairos evaluation for every patient.

in Figure 3.7, by showing the average adaptive classifier performance over time.
The abscissa shows increasing numbers of cues available for the classifier, while
the ordinate indicates classifier accuracy given the number of available cues. The
values on the ordinate are presented as the percentage of improvement over base-
line. Some values are interpolated to provide a continuous graph, and the shaded
area shows the standard deviation of the averages over the 10 subjects. The black
circles plotted in the graph show results of the same classifiers (SPegasos with
Hinge-loss function) trained on the historical datasets.

The graph shows a trend that more available data for the classifier causes a drop
in performance. Given few instances, the classifiers manage to achieve relatively
high accuracies of 70-90% improvement over baseline. However this performance
quickly drops to between 20 and 40% improvement over baseline (given more than
100 features), showing the inherent complexity of the task of predicting human
behavior.
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Figure 3.7: Average real-time performance (accuracy improvement over baseline)
for the adaptive classifiers for increasing numbers of available cues.

Finally, in Figure 3.8 we show the training duration of the light- and heavy
retrains of the classifiers in real-time. The abscissa shows the number of cues
available for classification and the ordinate shows the duration of the training
process in minutes. All experiments were run on HTC Desire S phones with 768MB
of RAM and a 1GHz Qualcomm MSM8255 Snapdragon processor, running only
the activity coaching application on the standard Android OS.

As expected, the data shows an exponential increase in training time when using
more instances. For the light retrains (without feature selection) the training time
is short and will remain below 10 minutes for up to 1000 instances. For the
heavy retrains (with feature selection), the training time is already approaching
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Figure 3.8: Training duration in minutes for increasing numbers of available cues
for the light-retrains (left) and heavy-retrains (right).

the limits of what is desirable with a training time of 2 hours and 47 minutes for
278 instances.

3.7 Discussion

The aim of the work presented here was to increase long-term adherence to the
physical activity coaching system, as well as to improve the response rate to mo-
tivational cues. To achieve this, we aimed to show the feasibility of applying a
real-time self-learning system to tailor the timing of motivational cue generation
to individual users. Our initial experiments in developing the cold start classifier,
and showing the potential of adaptive classification, show promising results for the
task of predicting compliance to individual motivational cues. Our selected sup-
port vector machine implementation for adaptive classification shows a potential
accuracy of 87.80%, a 68% improvement over baseline. The cold start classifier
— as can be expected — has lower accuracy (68.77%, a 21% improvement over
baseline), but still has a potential to provide better timing of motivational cues
than fixed timed cues. Also, we showed that the theoretical performance in the
cold start phase can be further increased by using additional features, more com-
plex models, and additional contextual information — e.g. using logistic model
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trees (LMT) shows a potential accuracy of 73.25% (see Figure 3.4).

From a technical point of view the solution to determine cue timing presented
here is relatively complex, but the longitudinal trial performed showed that the
system worked without interfering with the overall system's performance. There
was no noticeable drop in battery life of the smartphone, and no technical issues
that were caused by the use of the Kairos module. For two patients, the application
was resetting multiple times throughout the course of the intervention, however
there was no indication that these crashes were caused by the new module.

We have shown the potential benefits and the technical successful implemen-
tation of the Kairos module. The results regarding motivational cue compliance
from the longitudinal trial were moderately positive. Looking at overall compli-
ance to individual cues, the adaptive cue timing from the Kairos module does
result in better compliance than the fixed timing method of providing cues in our
previous study of COPD patients. The comparison is however not completely fair
due to the limitation in the study of not having a 100% comparable control group.
The historical datasets were recorded using a different version of the smartphone
application. The principals are the same, but the new Android version has an
aesthetically more appealing user interface. This may have an effect on overall
user compliance that can not be measured using the current comparison, although
it must be said that any possible effects should be expected to be minor.

In terms of compliance, the Kairos system consistently outperforms regular timed
motivational cues. When comparing the Kairos data to results from the histori-
cal COPD dataset, compliance is significantly higher between receiving the 415
and 105" cue. However, compliance to individual cues is still only around 65%
leaving many cues ignored by the user. Fortunately there are still several points of
improvement that can be implemented for the Kairos system — whereas the fixed
timing method of providing cues seems more difficult to improve. Although one
can vary the amount of cues generated by changing the time intervals (e.g. from
once per hour to once every 30 minutes or 2 hours), there is no logical explanation
as to why this would provide more opportune feedback. The Kairos system how-
ever can still be improved in several ways. First, the cold start classification phase
can be improved by training a better classifier, using more data, and additional
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features, as shown in Section 3.4. In the adaptive phase, there is still a difference
between the potential accuracies the classifiers can achieve and those achieved at
runtime of the device. As the training and feature selection phase are processor
power intensive, the run-time application uses a configuration that will cause the
process to terminate within a reasonable amount of time. This configuration —
related to the tuning of the genetic algorithms — leads to a reduced amount of
feature sets to be explored during real-time use, limiting the potential viability
of the generated classifier. Using newer, more powerful smartphones can already
lessen the need to simplify this feature selection phase and potentially improve the
classifier's performance.

Additionally, a user's expected behavior depends greatly on the context in which
the user is told to perform an action. For example, someone who is in a work
meeting and is being told to go for a walk, will be unable to comply to this
message. Having such contextual knowledge available on the smartphone would
benefit the prediction task, and is currently no longer beyond the state of art. In
(Klaassen et al. 2013), the authors show that users indeed have varying preferences
for which messages they want to receive in certain situations. Applications such as
Google Location History3, or VTT's Lifeliner* can already automatically provide
semantic information about the user’'s current whereabouts and are ready to be
integrated into a system like Kairos.

3.8 Conclusion

The Kairos system for automatic generation of opportune motivational cues is
shown to work in a longitudinal trial of 10 Chronic Obstructive Pulmonary Dis-
ease patients. No significant technical issues have been reported, and the system
correctly operated through the cold start and adaptive phases. Compliance to
individual cues is significantly higher than that of a previously measured COPD
patient population between the 41%* and 105" generated cue. However, these
results are not completely comparable as the historical dataset was collected using
a different smartphone application. Overall the Kairos system provides a clear

3maps.google.com/locationhistory
4cauit.erve.vtt.fi/lifeliner
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improvement over a fixed timing method of presenting motivational cues. State
of the art technology in the field of smartphone devices, context aware sensing,
and reasoning algorithms enable a number of further possible improvements to the
Kairos system.
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Chapter 4

Abstract

This paper presents a well-founded, comprehensive and practical framework for au-
tomatically generating tailored effective physical activity promotion messages in a
real-time setting. Basic aspects of motivational message communication are time,
intention, content and presentation. Tailoring of messages to the individual user
may involve all aspects of communication. A linear modular system is presented for
generating tailored motivational messages. It is explained how properties of user
and user context are taken into account in each of the modules of the system and
how they affect the linguistic presentation of the generated messages. The model
of motivational messages presented is based on an analysis of existing literature as
well as the analysis of a corpus of motivational messages used in previous studies.
The model extends existing ‘ontology-based’ approaches to message generation
for real-time digital coaching systems found in the literature. Practical examples
are given on how simple tailoring rules can be implemented throughout the various
stages of the framework. Such examples should guide further research by clarifying
the notion of what it means to use e.g. user targeting to tailor a message. Future
work is pointed out in generalizing the present model and framework beyond the
physical activity promotion domain, defining efficient ways of evaluating individual
tailoring components, and improving potential effectiveness through the creation
of accurate and complete user- and context models.
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4.1 Introduction

Due to the ageing population, the prevalence of chronic diseases is increasing
worldwide. The growing demand on healthcare services calls for cost-effective
treatments that reduce the demands on healthcare professionals. Provision of
eHealth and telemedicine services, in particular technology mediated services which
stimulate and support patient's self-efficacy, is a fast growing field of research
(Ekeland et al. 2010, Klasnja & Pratt 2012) and is widely regarded as a promising
paradigm to reduce the burden on the healthcare system. An important factor
in the prevention and treatment of chronic diseases and healthy ageing support
is the maintenance of a healthy lifestyle in terms of regular physical activity. Lee
et al. investigated the effects of physical inactivity on a number of major non-
communicable diseases worldwide and estimate that physical inactivity causes 9%
of premature mortality and that if completely eliminated would increase the world's
life expectancy by 0.68 years (Lee et al. 2012). Deaths from the major noncom-
municable diseases are projected to rise from 36 million in 2008 to 52 million in
2030 (World Health Organization 2013).

An obvious strategy to stimulate users to reach their physical activity goal is
to provide reminders when the user is deviating from a predefined desired level
of activity. This approach has already been shown to provide added value over
merely measuring daily activity levels and giving the user the option of seeing
their progress in real time, both for Chronic Low Back Pain patients (Dekker-
van Weering et al. 2012) and for Chronic Obstructive Pulmonary Disease patients
(Tabak et al. 2014). However, there is a need identified in these studies as well
as in related research (Erriquez & Grasso 2008, Cortellese et al. 2009) to provide
a more sophisticated and tailored delivery of messages.

In 2008, Hawkins et al. defined tailoring as “any of a number of methods for cre-
ating communications individualized for their receivers, with the expectation that
this individualization will lead to larger intended effects of these communications”
(Hawkins et al. 2008). Within the scope of motivational messages for physical
activity, the intended effect, overall, is to elicit sustainable behavior change. Tai-
loring is generally considered to be a useful method of increasing the effectiveness
of health interventions, through the delivery of tailored print information in the
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early days (Skinner et al. 1999, Noar et al. 2007, Boudreau et al. 2011), but more
recently also in telemedicine or eHealth applications (Campbell et al. 1994, Bull
et al. 1999). Tailoring in the field of physical activity promotion is an area that
is still on the rise as shown by the survey presented in (op den Akker, Jones &
Hermens 2014), and the question of how to tailor messages promoting physical
activity is far from solved.

The goal of this work is twofold. The first goal is to define a Model of Motiva-
tional Messages encompassing all the concepts relevant to the topic of motivational
message generation. Second, and based on the model, we aim to develop a well-
founded and practical framework for automatically generating effective physical
activity promotion messages in a real-time setting. We base our work on existing
literature on the topic, as well as years of experience in developing and evalu-
ating such systems in our own lab. The work presented here is not a literature
review, as related literature was already systematically analyzed in e.g. (Latimer
et al. 2010). We summarize the results of this review, and related research on
tailoring and message generation, in order to identify concepts that play a role in
the effect of messaging on physical activity (Section 4.2). Based on the analysis of
a large variety of motivational messages we structure these identified concepts in a
theoretical Model of Motivational Messages (Section 4.3). Based on this model we
present a practical framework for automatic generation of messages, taking into
account the message timing, intention, content and representation (Section 4.4).
We discuss how the model and framework can improve message effectiveness, and
allows for a more structured evaluation of message based coaching in Section 4.5
and finish with conclusions in Section 4.6.

4.2 Background

As input for our model of motivational messaging and the derived framework for
automatically generating such messages, we look at the literature describing theory,
as well as the state of art in real-time motivational messaging for physical activity.
In this section we aim to identify which concepts play a role in the generation
of motivational messages. The concepts that are bracketed and bold-highlighted
throughout the text are identified concepts that will be summarized at the end of
this section in Table 4.1.
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4.2.1 Offline motivation

A study by Berry & Latimer-Cheung (Berry & Latimer-Cheung 2013) analyzed the
impact of public and private health-promotion message campaigns and provides
a set of recommendations for such messaging based on the literature regarding
social marketing and physical activity promotion. Some of their recommendations
— building a brand, work together to create campaigns — are less relevant for
the current topic, but others apply to the topic of personal message generation.
The first such recommendation is to create messages that grab people’s atten-
tion, which the author’s say is achieved through tailoring and message framing.
Tailoring provides messages that are more relevant to the recipient (tailoring).
According to the elaboration likelihood model (Petty & Cacioppo 1986, Petty
& Wegener 1999) this causes the recipient to process the message more thor-
oughly leading to a higher likelihood of changing thoughts and behaviors. Message
framing is another technique for grabbing the recipient’s attention (Rothman &
Salovey 1997). Messages can be gain-framed (emphasizing the benefits of activ-
ity) or loss-framed (emphasizing the consequences of inactivity), and the authors
argue that gain-framed messages are the most persuasive (message framing).
A second relevant recommendation from the article is to base messages on well-
founded theory. The authors recommend message composition to be based on
behavioral change theories such as the Theory of Planned Behavior (Ajzen 1991)
and Social Cognitive Theory (Bandura 1986), citing evidence that messages tar-
geting affective attitudes, self-efficacy, and self-regulation offer promising message
content (theory-based). A review by Michie et al. shows that message-based
strategies based on theory are more likely to elicit behavior change in terms of
physical activity (Michie et al. 2009).

The recommendations given in (Berry & Latimer-Cheung 2013) are supported
by a systematic review on the construction of physical activity messages by La-
timer et al. (Latimer et al. 2010). The authors systematically review studies
that use three approaches for providing physical activity messages: tailoring, gain-
framing, and targeting messages to affect a change in self-efficacy (self-efficacy)
(Bandura 1986, Rodgers et al. 2008). A total of 22 studies were analyzed on the
effects of the three mentioned approaches to message construction. In 12 studies,
some form of message tailoring was applied, and in seven out of 12, this resulted
in significantly greater physical activity compared to a control group. However, in
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six of the seven studies reporting significant effects on physical activity, the con-
trol group received no messaging at all. Only in (Marcus, Bock, Pinto, Forsyth,
Roberts & Traficante 1998) significant improvements were reported compared to
a control group receiving non-tailored messages. It should be noted that the
study reported in (Marcus, Bock, Pinto, Forsyth, Roberts & Traficante 1998),
published in 1998, used regular mail as medium for assessment and delivery of
the intervention. In general, all of the considered studies that included some
form of tailoring used regular mail (Cardinal & Sachs 1996, Marcus, Bock, Pinto,
Forsyth, Roberts & Traficante 1998, Marcus, Emmons, Simkin-Silverman, Lin-
nan, Taylor, Bock, Roberts, Rossi & Abrams 1998, Bull et al. 1999, Naylor
et al. 1999, Blissmer & McAuley 2002, Marshall et al. 2003), email website/delivery
(Hager et al. 2002, Napolitano et al. 2003, Spittaels et al. 2007) or a compari-
son between such methods (Marcus, Lewis, Williams, Dunsiger, Jakicic, Whiteley,
Albrecht, Napolitano, Bock, Tate, Sciamanna & Parisi 2007, Marcus, Napoli-
tano, King, Lewis, Whiteley, Albrecht, Parisi, Bock, Pinto, Sciamanna, Jakicic
& Papandonatos 2007) while none of them used more advanced methods such
as real time messaging through mobile phones. The authors mention that “the
general pattern of findings also suggests that more frequent doses of information
may enhance the effects of tailored messages” (Latimer et al. 2010), suggesting
that real-time messaging through mobile phones may further increase the positive
effects on physical activity. Finally, the authors conclude that if tailoring is used,
the Transtheoretical Model's stages of change (Prochaska & Velicer 1997) should
be considered as target for tailoring.

Six studies in the review were evaluated on the effects of framing messages
(gain-framed vs. loss-framed) on physical activity as well as on user's intentions.
Three out of four studies that assessed the effects of framed messages on physical
activity reported positive effects regarding gain-framed messages. Furthermore,
two out of six studies reported a positive main effect of gain-framed messages
on intention, and three out of six reported moderate effects, where gain-framing
would have positive effects on intention under certain conditions. Overall the
authors cautiously recommend the use of gain-framed messages rather than loss-
framed messages, although the effects of mixed-framed messages are as of yet
inconsistent. The third aspect evaluated in the review is the use of messages that
target a change in self-efficacy. On this topic, only four articles were included, and
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the findings of these studies were considered to be mixed, showing no real evidence
for a systematic effect. The authors do state, however, that constructing messages
based on theory holds promises on effect outcomes and should be considered.

4.2.2 Real-time message generation

The literature described so far is targeted at an offline delivery of messages, i.e.
delivered through regular mail, or telephone, or using a website that respondents
were prompted to visit e.g. weekly. One of the suggestions from the review
in (Latimer et al. 2010) is that real-time delivery of messages through mobile
phones may improve the effects of the messaging on physical activity behavior,
compared to the slower modes of delivery discussed earlier. The purpose of the
framework for message generation we present in Section 4.4 is to be used in a
smartphone-based activity coaching application, as used in our previous studies
(Dekker-van Weering et al. 2012, Tabak et al. 2014, op den Akker, Tabak, Jones
& Hermens 2014). Therefore, we look specifically at the literature targeting mobile
phone based delivery of motivational messages.

Erriquez & Grasso (Erriquez & Grasso 2008) propose an ontology-based ap-
proach for generating personalized messages that are sent to the user's mobile
phone throughout the day. The work is based on an earlier publication by Morandi
& Serafin (Morandi & Serafin 2007) in which a personalized motivation strategy is
presented to stimulate physical activity in diabetic subjects. The strategy defined
is personalized based on a number of aspects. First: the stage of change of the
user — assessed through a questionnaire on readiness to change health behavior
and in particular through an eHealth application (stage of change). Second:
personal preferences and habits regarding physical activity are assessed through a
questionnaire as well (personal preferences). The third aspect is the setting of
a personal exercise goal, based on a treadmill walking test, the user is placed on a
specific point in a progressive curve towards a healthy physical activity level (goal
setting) (Locke & Latham 2002). The fourth aspect of personalization is through
the use of information from a personal diary. The user can keep track of four
aspects of daily life satisfaction related to work, social relationships, the weather
and mood (mood). Finally, messages are personalized on the day of the week
(e.g. on friday suggesting activities for the weekend), as well as the location and
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weather — e.g. suggesting outside activities in case of nice weather (context).
The starting point of the ontology in (Erriquez & Grasso 2008) is a decomposi-
tion of messages into five components: (1) a comment to provide feedback on
performance, (2) an argument to say that physical activity is good for the user,
(3) an aid to introspection relating performance with the user’s diary values, (4)
a suggestion on how to improve performance, and (5) an encouragement to con-
clude the message. Starting with these 5 ontological classes the discourse ontology
is created. For each of these classes, subclasses are defined that can model the
various types of tailoring that can be applied. For example, the argument mes-
sage component has subclasses for messages focusing on negative consequences,
or positive consequences (i.e. message-framing (Rothman & Salovey 1997)).

A similar ontological approach to message generation is taken in our earlier
work in (Wieringa et al. 2011). Here the focus is on motivational messages that
suggest an activity in order to encourage more physical activity, or discourage
activity. The ontological structure is based on the type of activities the system
can suggest, where e.g. encouraging advice can be subdivided into inside or
outside categories, and further splits are made based on the type of activity as
e.g. exercise, or household. Context-aware message generation is achieved by
pruning the message tree in real time based on context data such as weather or
whether or not the user has a job. The proposed system includes a mechanism for
self-learning (self-learning). Each time a message is generated, the response to
that message (i.e. compliance — or whether or not the user actually performed
more activity after reading the message (op den Akker et al. 2010)) is stored in
the appropriate node of the message ontology. This information is then used to
guide the selection in each split of the ontology, increasing the likelihood of paths
that led to successful messages in the past.

4.2.3 Summary of concepts

Based on the literature described here we have identified 10 concepts that play
a role in the generation of motivational messages. These concepts, highlighted
throughout the text above are summarized and shortly explained in Table 4.1. A
general trend that can clearly be observed throughout the literature is the advocacy
of tailoring. In (op den Akker, Jones & Hermens 2014) we surveyed the literature
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and constructed a model of tailoring for real-time physical activity coaching appli-
cations. We link the 10 concepts related to motivational messaging to the tailoring
model and continue to use the terminology as defined in (op den Akker, Jones
& Hermens 2014) in the development of the model of motivational messages in
Section 4.3.

4.3 A Model of Motivational Messages

In this work we aim to provide a practical framework for generating motivational
messages, encompassing all of the concepts identified in the literature. In order
to develop a structured and logical framework we first define our domain model
of motivational messages. The model presented here is based on a number of
previous modeling attempts from the literature as well as an analysis of our own
set of motivational messages used in various eHealth/telemedicine interventions.

4.3.1 High level model

In (op den Akker, Jones & Hermens 2014) we provide a working definition of
tailoring, noting that we always tailor something to someone. The someone in
our scenario is the user of a physical activity promotion tool, and the something
is the system’s communication to the user. Thus, communication is tailored
to the user. This communication occurs in instances, and a motivational mes-
sage is a prime example of such a communication instance. In (op den Akker,
Jones & Hermens 2014) we formalized an idea already presented in (op den Akker
et al. 2011) that every communication instance can be seen as having four distinct
properties: timing, intention, content, and representation. These four com-
ponents form the backbone of the model of motivational message — depicted in
Figure 4.1 — and each will be explained shortly based on the following example:

“You haven't been active enough today. Maintaining a healthy level of
physical activity can drastically reduce the chances of cardiovascular
disease. In order to achieve your daily goal, you need to walk for at
least another 18 minutes or perform 12 minutes of vigorous exercise.”

Timing — The timing of a motivational message is the moment at which the
system presents the message to the user without request (system-initiated) or
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Concept Description

tailoring The process of creating communications individualized
to the receivers (Hawkins et al. 2008).

message framing Specifically focusing the message on attaining desirable

outcomes (gain frame) or undesirable outcomes (loss
frame) (Rothman & Salovey 1997).

theory-based Actively base message composition on behavioral change
theories, such as the theory of planned behavior (Ajzen
1991) and social cognitive theory (Bandura 1986).

self-efficacy Belief in one’s own capabilities towards performing a task
(e.g. changing health behavior) (Bandura 1986, Rodgers
et al. 2008).

stage of change The attitude towards changing a behavior as catego-

rized into five stages: precontemplation, contempla-
tion, preparation, action and maintenance (Prochaska &
Velicer 1997).

personal preferences  User's likes and dislikes, e.g. in terms of preferred physi-
cal activities to perform (Morandi & Serafin 2007).

goal-setting Individuals are more likely to change the higher the
specificity and (achievable) difficulty of a goal; taking
into account e.g. self-efficacy and feedback (Locke &
Latham 2002).

mood Diffuse affective states not resulting from specific events
but more likely associated with general views at a point
in time (Biddle & Mutrie 2008).

context Using context to provide relevant information to the user
(Dey & Abowd 1999), e.g. providing suggestions based
on location or weather.

self-learning Automatically improve decision making processes by us-
ing new data available from interactions with the user
(op den Akker, Jones & Hermens 2014).

Table 4.1: Overview of identified relevant concepts related to motivational message
generation.
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Intention Message Representation

Content

Figure 4.1: The backbone of the model of motivational messages.

the moment at which the user requests information from the system (user-
initiated). The timing of motivational messages is extensively discussed,
and a system for generating messages at opportune moments is presented
in (op den Akker, Tabak, Jones & Hermens 2014).

Intention — In (op den Akker, Jones & Hermens 2014) we identified three dif-
ferent intentions in the message: (1) to provide information on the user's
current progress (i.e. feedback), (2) to inform about the benefits of physi-
cal activity, and (3) to give a suggestion on an activity to perform. In our
model of motivational messages we view these three intentions (feedback,
argument, and suggestion) as secondary intentions. With that in mind, we
define the example message's primary intention as simply to ‘encourage’
physical activity. This may seem obvious, as for most physical activity pro-
motion tools, encouraging activity is the only goal. However, for various
chronic disease patient populations such as Chronic Obstructive Pulmonary
Disease (Tabak et al. 2014), Chronic Fatigue Syndrome (Evering 2013) or
Chronic Low Back Pain (Dekker-van Weering et al. 2012), a “secondary”
goal is identified to balance activity levels over the day. This means that
sometimes — e.g. during the mornings — a message intention can be to
discourage activity. Finally, if the user is performing well, the message in-
tention could be to simply state that the user should keep up the good work.
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We call this a neutral intention.

Content — The content of a motivational message is the information that the
message wants to convey to the user. In the example message, the content
is the fact that the user has not been active enough, a factual statement
about the advantages of physical activity, and the suggestion to walk or
perform vigorous exercise. The content of messages is the primary topic
in the related literature discussed in Section 4.2, and the framework as
presented in (Erriquez & Grasso 2008) deals also exclusively with the content
of messages.

Representation — The representation deals with the ‘outer form’ of the mes-
sage. In our example the representation, at its highest level, is natural
language text. Natural language text messages is the focus of this work,
but it should be kept in mind that there are various other possible ways
of presenting the intention and content of a message to the user, such as
through the visualization of a flowering garden (Consolvo et al. 2008), or
music (Oliver & Flores-Mangas 2006, de Oliveira & Oliver 2008).

The distinction between timing, intention, content and representation forms the
backbone of the model in Figure 4.1. In the sections below we will now explain
the details of each of these high level concepts.

4.3.2 Modeling Timing

The issue of message timing is an important aspect in the process of real-time
motivational messaging to encourage behavior change, as presenting a message
to an individual at a moment when he is able and willing to take action can
be of major influence to the message effectiveness. However, within the scope
of this work — targeting the generation of messages — we can only assume
that we have to generate a message now. The timing of motivational messages is
extensively discussed, and a system for generating messages at opportune moments
is presented in (op den Akker, Tabak, Jones & Hermens 2014). For the sake
of completeness of the message model, we include timing, and the high level
distinction between user initiated messaging (when the user specifically requests
a message), and automatically generated system initiated messaging (when the
system decides to initiate a communication).
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Figure 4.2: The timing branch of the motivational message model showing two
high level types of message timing and the four most relevant types of tailoring
that can be applied to system initiated timing: goal setting (GS), adaptation (Ad),
context awareness (CA), self learning (SL), and user targeting (UT).

The timing branch of the model in Figure 4.2 shows the most relevant tailoring
aspects associated to the selection of message timing. Goal setting (GS), context
awareness (CA) and self learning (SL) are used in the Kairos system for automatic
prediction of message timing presented in (op den Akker, Tabak, Jones & Hermens
2014). Adaptation (Ad) could also be used, as it is likely that user's in e.g.
different stages of change or with different levels of self-efficacy need fewer or
more frequent reminders regarding their physical activity behavior. User targeting
(UT) can relate to e.g. using the information in a personal digital agenda to
decide not to disturb the user during an important business meeting.

4.3.3 Modeling Intention

As explained in the definition of intention above, we distinguish between primary
and secondary message intention. We define the primary intention of a motiva-
tional message to be a choice between encouraging physical activity (in case the
user is not active enough), discouraging physical activity (in case the user is too
active), or to provide a neutral comment (in case the user is doing fine). This
high level separation forms the first split in the intention branch of our message
ontology in Figure 4.3. For the secondary message intention, we have identi-
fied four possible intentions that align with the model proposed by Erriquez &
Grasso (Erriquez & Grasso 2008): reinforcement (similar to ‘encouragement’ in
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(Erriquez & Grasso 2008)), to provide feedback (called ‘comment’ in (Erriquez &
Grasso 2008)), to give an argument and/or to provide a suggestion.

Secondary

Intention(s) Primary

Intention

Dlscourage

A t '
0 Encourage Intention

Neutral
Reinforce

ment

Figure 4.3: The intention branch of the motivational message model showing the
choice between primary intentions and the selection of secondary intention(s) as
well as the two most relevant types of tailoring that can be in this selection process:
adaptation (Ad), and goal setting (GS).

Three of the four secondary intentions are present in the example sentence
provided at the beginning of this section. The feedback intention relates to the
purpose of giving the user an insight in his current performance. An argument
intention can be used to educate the user about the benefits of physical activity
(gain-framed) or the negative consequences of inactivity (loss-framed) and can
attempt to convince the user of changing his view on physical activity. The sug-
gestion intention can be applied to give the user a suggestion on how to achieve his
desired level of physical activity. The fourth secondary intention, reinforcement,
is an intention that is only applicable when the user is performing well, and is
meant to reinforce the user’s current behavior. It should be clear that the primary
intentions defined here are mutually exclusive, as the intention of a message can-
not be to e.g. encourage and discourage physical activity at the same time. On
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the other hand, a motivational message can contain any combination of at least
one of the secondary intentions, forming a composite statement as the example
given above.

The tailoring aspects that play a role in the definition of message intention
are indicated in Figure 4.3 by the small circles: goal setting (GS) and adaptation
(Ad). Without a target activity level, or goal, it is impossible to define the primary
intention of a message as either neutral, encouraging or discouraging, as you need
knowledge about the user's performance in relationship to some given goal. On
the level of secondary intention the most relevant form of tailoring is adaptation
(i.e. tailoring to key theoretical determinants (Hawkins et al. 2008, op den Akker,
Jones & Hermens 2014)). This is because the decision of presenting the user with
an argument could depend on e.g. the user’s stage of change — as providing an
argument for users in the preparation stage of change seems to be a promising
tailoring strategy. Similarly, the decision to provide a reinforcement when the
user is performing well may be most appropriate (but not exclusively) for users
with low self-efficacy.

4.3.4 Modeling Content

The content of the message is the topic most prominently discussed in literature,
and can also be considered the most complex one. Over the last years we have
been working on a large number of physical activity motivation studies in which
motivational messaging was included. Results have been published from studies
targeting various chronic diseases such as Chronic Obstructive Pulmonary Disease
(Tabak et al. 2014), Chronic Fatigue Syndrome (Evering 2013) or Chronic Low
Back Pain (Dekker-van Weering et al. 2012). The message sets used in these
studies were all comparable (with minor variations), and consisted of a total of 24
message (4 neutral, 11 encouraging and 9 discouraging), e.g.:

“Your activity level is sufficient. Keep it up!" (neu)
"You have taken more rest. Take a walk around the block.” (enc)
“You have become more active. Sit down for a while." (dis)

From these 24 messages, exemplified above, the composite nature of the mes-
sage already becomes apparent. The first content-part of the message is always
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a statement regarding the user’s current activity performance — better known as
feedback. The follow-up to this differs based on the intention of the message.
For neutral messages, the second part is always a short reinforcement message,
indicating that the user is doing well and should continue to do so. For encourag-
ing, as well as discouraging messages, the second part always contains a practical
suggestion to either perform an active (e.g. walking) or a passive (e.g. reading)
activity.

A big motivator for the work presented here is the fact that research has identi-
fied the need to better match the motivational messages to individual users (Noar
et al. 2007). The same conclusion was drawn from our own research on the topic,
and in various ongoing research the set of messages to be used for activity moti-
vation is receiving increasing attention. From ongoing research we have analyzed
two additional message sets, one targeting cancer recovery patients, and one tar-
geting office workers. The message set for cancer recovery patients is created in
the context of the Dutch FitterNaKanker (fit after cancer) project and consists
of 237 different messages, split into three groups targeting people who primar-
ily need to balance activity, people who need to primarily increase activity, and
people who even need to decrease activity. The message set for office workers
consists of 72 messages, and is created in the context of the Dutch COMMIT
Swell project. Each message is categorized to target one of eight persona’s, based
on three characteristics: (1) the activity balance (as proper or improper), (2) in-
tention to change (as contemplation / preparation / action or precontemplation
/ maintenance stages of change) and (3) self-efficacy (as low, or average-high)
(Achterkamp et al. 2013). There is some overlap between the messages in these
two sets. Before looking into the content of the messages it is interesting to note
that both datasets use the notion of persona’s for matching messages to certain
user-types. This is considered a form of user targeting (UT) (op den Akker, Jones
& Hermens 2014) and needs to be supported by our model and framework.

From the analysis of the messages we have identified one additional high-level
message component: the argument. This type of message, exemplified below is
common in the new message sets, and aims to provide a reason as to why the user
should increase (or decrease) his physical activity. The example below consists of
feedback, followed by an argument.
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“You are somewhat less active. An increase in physical activity can
make you feel more energetic.”

The second compositional split for the message content branch is a subdivision of
the suggestion component identified earlier. Consider the two examples messages
given below. Both messages start with an argument component, highlighting
some positive aspect about physical activity. However, the second part of the
message differs fundamentally. In both cases a suggestion is presented to the user,
but we classify the first example (“are you using your bike for small errands?")
as a lifestyle suggestion, whereas the second example is considered an activity
suggestion. The difference may seem small, but there is a significant difference in
the way these two message components can be tailored to the user.

"“The effect of small activity bouts is often underestimated. Are you
using your bike for small errands?"

"“Physical exercise can lead to mental relaxation. Time to go for a bike
ride?"

In Figure 4.4 the content branch of the motivational message model is shown,
again indicating the various forms of tailoring that apply to each individual com-
ponent in the small circles. This branch of the message model shows four of the
same high level components as identified in (Erriquez & Grasso 2008) (where we
use the terminology feedback instead of ‘comment’, and reinforcement instead
of ‘encouragement’). The tailoring concepts that play the most important role in
tailoring content are: goal setting (GS), user targeting (UT), adaptation (Ad) and
context awareness (CA). Feedback content can be tailored through goal setting
to include information about the goal — e.g. " You have done 7,000 steps”, com-
pared to " You have done 7,000 out of 10,000 steps”. User targeting can be used
to provide tailored feedback by using user characteristics such as age, gender or
weight to present the information in a tailored way, e.g. calories burned. The ar-
gument component, providing a reason for the user to perform physical activities,
should match the current beliefs about physical activity of the user (adaptation),
but should also be relevant for the user's medical condition (user targeting). By
using information such as self-efficacy level or stage of change, an argument can be
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Figure 4.4: The content branch of the motivational message model showing the
message content ontology and the four most relevant types of tailoring that can
be applied to the various components: goal setting (GS), user targeting (UT),
adaptation (Ad) and context awareness (CA).

selected that is most relevant to the individual user. User targeting also includes
aspects such as personal preferences regarding daily life activities, as such, lifestyle-
and activity suggested can both be tailored to suggest activities that match these
preferences (such as biking, outdoor activities, etc.). As activity suggestions are
intended to be followed immediately, context awareness plays a very important
role. The system should, for example, not recommend any outdoor activities when
it's raining, or suggest household chores when the user is at work.

4.3.5 Modeling Representation

The final branch of the motivational message model deals with the outer repre-
sentation of the message. The representation defines how the message is com-
municated to the user, which can be done in a variety of different ways. The
examples given earlier are the flower garden of the UbiFit Garden application
(Consolvo et al. 2008), in which feedback is given to the user by showing dif-
ferent types and sizes of flower on the screen, enhanced with goal setting by

150



Tailored Motivational Message Generation

presenting a large butterfly if a daily goal is met. Another example is the music
based feedback of the MPTrain (Oliver & Flores-Mangas 2006) and TripleBeat
(de Oliveira & Oliver 2008) systems that automatically select music of an appro-
priate beat/rhythm to stimulate exercising (jogging) at the proper pace. Another
different modality is used in the Haptic Personal Trainer (Qian et al. 2010, Qian
et al. 2011) where vibration signals are given to the user to promote a faster or
slower walking pace. The model of motivational messages would not be com-
plete without the concept of representation and the notion of different modali-
ties for presenting information to the user. However, previous efforts in human
computer interaction research to model the different available modalities exist
(Bernsen 1993, Bernsen 1997, Obrenovic & Starcevic 2004, Jaimes & Sebe 2007),
and a contribution to this field far exceeds the scope of this work.

Natural
Language

Figure 4.5: The representation branch of the motivational message model showing
a small excerpt of an ontology of modalities. Due to the scope of this work,
natural language text, and user targeting (UT) as a way of tailoring this, is the
only positioned modality.

Figure 4.5 shows a simplified model of message modalities, indicating that many
gaps exist. In this work, the focus is on the generation of natural language text
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messages, which offers a modality that allows us to present the nuances of content
and intention as defined in the previous sections. The tailoring concept most
relevant to the representation of motivational messages through natural language
text is user targeting (UT). On the one hand, the ‘identification’ tactic (Hawkins
et al. 2008) of identifying the recipient by name, is a typical example of tailoring
message representation. On the other hand, tailoring the message tone (formal vs
informal), style (suggestive vs imperative) or length (long vs short) to the user’s
personal preference, can be considered a more advanced form of user targeting.

4.3.6 The complete model

Finally, we present the complete model of motivational messages in Figure 4.6.
There is an implied ordering in the model of the concepts of timing, intention,
content and representation, indicated by the arrows between these concepts. This
ordering represents a temporal relationship that implies that message components
should logically be generated in sequence by the framework (presented in Section
4.4). The reason for this particular temporal ordering is as follows.

Reasoning backwards, the representation deals with the outer form of the mes-
sage, and depends on a detailed description of the message content to be defined.
The message content is built up from the several sub-components (feedback, ar-
gument, etc...), each of which match with a predefined intention. The message's
primary intention of discouraging activity, encouraging activity, or providing neutral
comment depends on the user’s current level of physical activity and is therefore
dependent on time. Another reason that the timing component starts the chain,
is that in case of user initiated timing, the intentions of the message should match
those requested by the user (e.g. if the user presses a button to request feedback,
the generation of the message intention should take this request into account).

The temporal relationship between the four main components of the model is
present strictly for practical reasons. The goal of providing this model is to provide
a structured framework in which all of the relevant forms of tailoring can be placed.
It should help to clarify what it means to tailor a message to, for example, the
user's stage of change, and which part of the message generation process can be
influenced by this. The following section will provide technical details regarding
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the implementation of this model into a framework for message generation. It will
provide examples of how several tailoring methods fit into this process.

4.4 A Practical Framework for Generating Mo-
tivational Messages

The value of the model of motivational messages comes from its practical applica-
tion. The decomposition of a message into its four main components, as well as
the temporal ordering between these components forms a logical and solid basis
for the Message Generation Framework. The goal is to use this framework in our
various studies on real-time physical activity interventions. The mobile platform
developed in our lab runs on Google's Android operating system and is written in
Java. Regarding the development of the Message Generation Framework we will
show some relevant details of the Java implementation. By showing the one-to-
one mapping of application blocks to the model defined in Section 4.3 we aim
to demonstrate the model's practical value. After describing the overall architec-
ture of the framework, we will provide examples of how the application of various
tailoring methods can be addressed by implementing simple decision or selection
rules in the process of generating the four message components.

First, an object representation of the model is implemented. Solid lines in the
model (Figure 4.6) are implemented as abstractions, while arrows are implemented
as property relationships between objects. The first two tiers of the object model
are shown as a UML class diagram in Figure 4.7 representing the information
as defined in the model, with some additional logging parameters in case of the
Timing object.

The actual generation of the messages is handled in a matching organization of
generator classes. The MessageGenerator class is the entry point to the frame-
work, and calls in sequence the generators for the specific subcomponents. The
TimingGenerator is triggered with an external request and generates a Timing ob-
ject (see Section 4.4.1). Given as input the Timing object, the IntentionGenerator
generates the message Intention object (Section 4.4.2). The generated Intention is
passed on to the ContentGenerator, that generates the message Content (Section
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Figure 4.7: The first two tiers of the Java object model implementation of the
model of motivational messages.

4.4.3). In the final step, the Content object is passed to the RepresentationGener-
ator, which selects a ‘tangible’ Representation of the message that matches the
given content (Section 4.4.4). This functional part of the framework is represented
as a UML sequence diagram in Figure 4.8.

4.4.1 Generating timing

During execution the MessageGenerator class is called with a request to generate
a motivational message. This implies that the actual timing of the message is
handled outside of the framework. An implementation of a system that automat-
ically determines an optimal timing based on the tailoring methods as indicated
in the model (Figure 4.6) is already presented in (op den Akker, Tabak, Jones
& Hermens 2014) and could later be embedded into the current framework. For
now, the MessageGenerator is called with the request to generate a system initi-
ated message as determined by a system such as the Kairos system (op den Akker,
Tabak, Jones & Hermens 2014), or to generate a user initiated message, if the
user pressed some button on his device.

In the case of system initiated timing, the TimingGenerator simply instantiates
the Timing object as being of type Systemlnitiated Timing and completes. The
case of user initiated timing is slightly more complex. A user initiated message
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Figure 4.8: High level functional overview of the incremental, sequential process
of generating the message components.

is triggered by the user through some interaction with the application’'s Graphical
User Interface (GUI). This GUI interaction raises certain expectations towards its
results, as a user who presses e.g. a ‘suggestion’ button will expect to receive a
suggestion message. These expectations are related to the message's intentions,
which will be generated in the next step of the process. The Userlnitiated Timing
object includes a number of paramete