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Promoting a Healthy Lifestyle: Towards an
Improved Personalized Feedback Approach
R. Achterkamp, M. Cabrita, H. op den Akker, H. J. Hermens, M. M. R. Vollenbroek-Hutten

Abstract—Technology supported services for achieving a healthy
lifestyle have shown their short term effects and are receiving
increasing interest from the research community. However, long
term adherence to these services is poor. This paper describes
research-in-progress regarding the implementation of automated
goal-setting and tailored feedback messages into one such
technology supported service, which aims to improve the user’s
physical activity pattern. Tailored feedback messages for several
personas were set up based on theories from behavioral science
and categorized by experts during an expert workshop. Results
indicate reasonable agreement on the matching of motivational
messages to four personas. Additional expert input is discussed
descriptively. Future research will focus on examining the
effectiveness of the new version of the service under investigation.
Index Terms—Accelerometers, Behavioral science, Physical
activity, Telemedicine.

I. INTRODUCTION

P

EOPLE live an increasingly sedentary lifestyle,
resulting in a decrease in health and posing a risk for
various diseases (e.g. [1]). On the other hand, a physically
active lifestyle has significant positive effects on prevention of
chronic diseases, such as cardiovascular disease, diabetes and
cancer. Also, a sufficient level of physical activity has positive
effects on mental health condition through reduced perceived
stress and lower levels of burnout, depression and anxiety [2].
Therefore, a physically active lifestyle may lead to less
hospitalization, higher life expectancy and improved wellbeing in general. Currently, many applications that support
people in achieving an active lifestyle are available. One such
example is the Ambulant Activity Feedback System (AAFS)
[3]. The AAFS measures the activity of users during everyday
life using an accelerometer-based sensor. Data is sent from the
sensor to a smartphone, which displays the information to its
user. The user’s cumulative activity is plotted in a graph that
also shows a goal line, based on the average activity of a
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group of healthy control subjects. The system is able to coach
the user. Based on the percentage of deviation from the goal
line, the system provides motivational cues on whether the
user needs to become more active (e.g. take a short walk) or
take a break, in order to achieve a balanced, daily activity
goal. Previous research indicated the potential of this system
[3]. However, it also showed that the adherence to the system
dropped substantially after a few weeks. It is expected that this
lack of adherence to the system and decrease of effectiveness
can be overcome by adding 1) context aware goal setting and
2) personalization of information, i.e. tailoring [4].
II. BACKGROUND
A. Context aware goal setting
When Locke and Latham first proposed the Goal-setting
Theory [5], it mainly focused on questions regarding
motivation in work settings. However, its promising results
made it one of the most commonly used theories to promote a
healthy lifestyle. According to the Goal-Setting Theory,
people are more likely to change behavior the higher the
specificity and (achievable) difficulty of a goal. However, one
should always bear in mind personal characteristics of the
subject, such as goal importance, self-efficacy and feedback.
Research regarding physical activity interventions shows that
combining goal-setting and persuasive technologies can
significantly improve the results of interventions [6]. When
setting goals, baseline level of physical activity of the user
should be assessed first, based on which a personal goal can
then be set. Setting a goal based on the average activity of a
group of healthy controls will in many cases lead to users not
reaching their goal. Furthermore, considering the applicability
of technology supported services to various domains, patients,
for example, would struggle to keep up, possibly never reach
their goal and simply give up. Therefore, we recommend to
automatically adjust the height of a goal and set it slightly
higher than the personal baseline.
Another important aspect, next to height of the goal, is the
physical activity pattern throughout the day. Research into the
physical activity pattern of chronic low back pain patients [7]
and patients suffering from chronic fatigue [8] shows that
these patients are unable to balance their physical activity
pattern throughout the day. Our solution is to incorporate
context aware automated goal setting; enabling the technology
supported service to automatically detect imbalances in the
user’s physical activity pattern, set goals and continuously
keep these goals up to date.
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B. Tailored feedback messages
Feedback based on subjective measurements can have an
equally large effect as feedback based on objective
measurements. Research shows that interventions that used
tailoring on attitudes, self-efficacy, stage of change, social
support or processes of change showed significantly larger
effect sizes than interventions that did not tailor on these
constructs [9]. Also, guidelines for designing effective
physical activity interventions strongly recommend tailoring
feedback [10].
Given the above, providing real-time motivational cues that
are based on constructs from behavioral science and the user’s
current level of physical activity seems a promising solution to
the lack of long term adherence to e-health services. Indeed,
self-efficacy and stage of change are already identified as two
important constructs from behavioral science [11]; it is
recommended that users receive feedback messages based on
their individual scores on these variables. Achterkamp et al.
[11] identified eight typical users – so called personas – usable
for technology supported services that are aimed at improving
physical activity. Given a subject’s score on a self-efficacy
questionnaire, stage of change questionnaire and the user’s
own baseline level of physical activity, subjects are identified
as one of these eight personas. Subsequently, each persona is
recommended one of six feedback strategies, which serve as
literature-based guidelines to set up tailored feedback
messages.
III. CONTEXT AWARE GOAL SETTING
Whereas in previous versions of the system, the goal line
was fixed throughout the intervention period; we now describe
the smart reference module that automatically generates
personalized and self-adjusting goal lines for individual users
of the system.
A. Baseline Period
The first seven days after users have received the system are
considered the baseline period. During this period the system
defines 1) a baseline for each day of the week and 2) the best
feedback strategy to adopt for the specific user based on the
user’s daily physical activity pattern and results from
questionnaires assessing self-efficacy [12] and stage of change
[13] (the use of these feedback strategies is explained in
Section IV). We intend to make a continuously adapting
system that follows not only the user’s routine, but also their
progress through time regarding the psychological constructs.
This information can be accessed by healthcare professionals
through the web portal
B. Intervention period
During the intervention period, users receive time-related
motivational cues. The content of these messages depends on
1) the feedback strategy that is appropriate for this user and 2)
the deviation of the user’s physical activity level from the goal
line. Each feedback strategy has three types of messages:
encouraging (meaning to encourage users to increase their
activity), neutral (letting the user know that they are

performing well) and discouraging (telling the users to slow
down their physical activity in order to achieve a good balance
over the course of a day) [7].
Taking Monday as an example, the data acquired during the
day is averaged over short time intervals. The system then
computes the Linear Weighted Moving Average (LWMA) of
the data from all the previous Mondays with the new data, as
in (1).
(1)

In addition, the Activity Coach tracks the percentage of total
activity that the user should achieve at different times of the
day. As an example, a user should accomplish 40% and 70%
of the total daily activity at 12.00 and at 17.00 respectively.
These points are dynamic and can be changed by the health
care professional on the web portal or adjusted according to
the user’s agenda or other contextual factors.
The new goal line is defined in two different steps: first the
end point will correspond to a slight increment of the weighted
end point of all previous Mondays. Second, based on this end
point, the goal line is defined by calculating an optimal
distribution between what the user has accomplished on
average and the goals previously defined. The ideal
distribution is the one that would give a challenging but
achievable goal all throughout the day in line with Goal
Setting Theory.
Moreover, the user’s physical activity pattern is classified as
either balanced or imbalanced according to a minute by
minute calculation of deviation from the goal line.
Additionally the LWMA of different periods of interest (e.g.
morning-afternoon-evening) is calculated and stored in the
system. This information can be considered as additional
feedback to inform users about their daily activity pattern.
C. Subjective measurements
As users will move through various stages of change and
levels of self-efficacy while using the Activity Coach, they
will be prompted with a self-efficacy questionnaire and stage
of change questionnaire every four weeks. Which feedback
strategy to apply accordingly is automatically decided by the
system by combining these two variables with the
classification of the user’s physical activity pattern (i.e. how
often they achieve their target goals, and how often they show
a balanced versus imbalanced activity pattern).
D. Future work
In order to further personalize the goal pattern (particularly
in terms of balance) we will incorporate a user agenda into the
system. By asking users to fill in their weekly schedule (sleep,
travel, work, and leisure time) we can use this information to
determine appropriate times for which we can increase the
expected amount of activity performed, effectively raising the
goal line at those moments. For example, for typical office
workers, such appropriate times are most likely to occur after
working hours. Recent developments in automated, semantic
location tracking can replace the process of querying for
explicit user schedules by automatically determining working
hours, travel time and time spent at home. Weather
information and nutritional planning are other functionalities
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to add in the future.
IV. TAILORED FEEDBACK MESSAGES
Tailored feedback messages were set up based on personas
and feedback strategies identified in earlier research [11]. See
Table I and Table II.
To validate the categorization of messages to the feedback
strategies, four psychologists were invited to match the
feedback messages to the corresponding feedback strategy or
strategies. The focus was on feedback strategies that aimed at
personas with low self-efficacy. Participants individually
categorized every message to one or more feedback strategies.
Next, all messages were discussed with the group to identify
flaws and allowing participants to give feedback. Results were
analyzed by calculating Cohen’s Kappa. Kappa ranged from
.373 to .692 and averaged .483 (Table III).
TABLE I
EXAMPLES OF FEEDBACK MESSAGES

1.

2.
3.

enabling us to fine tune our algorithms to match the expert’s
opinion. As these users will be wearing the Activity Coach for
a period of time, we are also able to observe the self-adjusting
behavior of our algorithm.
The experts showed a fair to moderate agreement on how
to categorize the feedback messages. Partially, these low
values can be explained by the subjective nature of the
categorization. Although the experts received detailed
information about the personas and feedback strategies, the
feedback strategies could still be interpreted differently by the
various experts. Another workshop will be organized to
categorize messages related to the feedback strategies that
were not discussed.
Future directions of research regarding technology
supported services should focus on tackling common problems
regarding adherence and focus on incorporation of more
context awareness and constructs from behavioral science.
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