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Abstract

As sedentary- and other unhealthy behaviors are becoming a significant problem in
modern-day society, we need to look for solutions that are able to effectively motivate
us in improving our lifestyle. Theory shows that in order to push us to our limits, goals
or tasks should be at the verge of our limits, while still feeling achievable. However, as
no individual is the same, a "one-solution-fits-all" does not exist. We therefore need to
find methods of personalizing these goals, catering them to the individual.
Recommender systems are already used in this exact context, where a scale based on
Rasch modeling has successfully been applied in order to give appropriate
recommendations. The current paper investigates the feasibility of creating a
uni-dimensional Rasch scale based on healthy lifestyle activities and using this scale in a
recommender system. Our initial analyses showed that we were able to successfully fit a
Rasch scale based on historical data. We continued with the recalibration of this scale
based on survey data (N=38). This recalibrated scale was used in establishing lifestyle
recommendations. We evaluated two levels of relative difficulty in order to quantify how
these recommendations should be tailored. Results indicate that creating a Rasch-scale
in which a healthy lifestyle is the uni-dimensional construct is feasible. Results of the
study further indicate that there is an negative effect of level of difficulty of the
recommendations on satisfaction and motivation of users. This is in line with previous
studies, but further studies are necessary to confirm this finding.

Key words: Healthy Lifestyle, Recommender Systems, mHealth, Rasch modeling,
Psychometrics
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Introduction

Globally, 1 out of 4 adults do not meet the recommended levels of physical
activity by the WHO. (World Health Organization, 2020) This is problematic, as
sedentary behavior imposes a large number of health risks, where the WHO even states
that insufficient physical activity can lead to a 20% to 30% higher death risk compared
to a sufficiently active person. But not only physical activity has a positive influence on
general health; dietary intake is also a large contributor to a healthy lifestyle. (World
Health Organization, 2010) In order to get control of their lifestyle, society needs to
look (and is looking) for solutions to give individuals control over their choices
regarding physical activity, dietary intake as well as other factors contributing to a
healthy general lifestyle.

In this search, the use of mHealth application can offer a solution. The range of
information these applications can monitor can vary from physiological information
such as heart rate and blood pressure to physical information such as kilometers walked
or meters swam or detailed nutrient intake. These applications give their users control
and insights into their personal lifestyle and can give recommendations based on the
recorded information. Although mHealth apps show high potential in driving
behavioral change, long-term effects are insufficiently studied or unclear. Mainly, the
retention rate for these kind of applications is relatively low. For mHealth applications
with more than 50000 active users, only 38% of these report more than 1000 monthly
users (Medica Magazine, 2018), and the average retention rate for mobile applications
across all industries is around twenty percent after 90 days (Brown, 2018).

Although retention rates are a known problem for mHealth applications, research
suggests that personalizing the "healthy" recommendations that an mHealth app gives
can be a significant factor in motivating users, both short- and long-term. (e.g. Adams
et al. (2017) and Nuijten et al. (2022))

The current research sets out to create a novel approach to catering healthy
lifestyle recommendations. In order to do this, the system used in producing
recommendations is based on the relation between attitude and behavior as described
by the Rasch model (Kaiser et al., 2010) Rasch-modeling finds its origin in the
Item-Response Theory (IRT) (An & Yung, 2014) and is a model for analyzing mostly
categorical data. It is able to directly compare the difficulty of a given measure, item or
activity to the current behavior of an individual and in turn enables a tailored method
of recommending activities to an individual based on their abilities or preferences.

Another important question is then raised; should the recommendations given to
an individual be above one’s ability or below? Flow Theory suggests that there needs to
be a between the difficulty of an activity and the capability of an individual, but does
not state what this balance should be (Csikszentmihalyi, 2009). Goal-Setting Theory
and literature suggests that setting a specific goal is effective in provoking significant
behavioral change, and that these goals should be "achievable" but does not say what
this "achievability" represents (Locke et al., 2015; McEwan et al., 2016). Studies
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investigating goal difficulty tailoring suggest that goals that are on the verge of one’s
capabilities are more effective (Adams et al., 2017; Chapman et al., 2016; Moon et al.,
2016), while other studies show that people tend to view easier goals as more
appropriate (Starke, 2014).

The current study sets out to investigate the feasibility and effectiveness of a
Rasch-based recommender system on healthy lifestyle choices. These recommendations
are not only physical activity-related, but also includes decisions regarding dietary
intake or general lifestyle choices such as doing groceries by foot or bike. This translates
into the following main research question, around which this thesis is based on;

RQ: "What is the effect of a Rasch-based recommender system on healthy lifestyle
choices?"
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Background

mHealth Applications and Recommender Systems

According to the World Health Organization, 28 percent of the global adult (i.e.
over 18 years of age) population engages insufficiently in physical activity. This number
is higher in high-income countries, where the average level of inactivity is twice as high
compared to low-income countries. Although health benefits of an active lifestyle have
been proven, the level of global inactivity has only been rising, with a rise of five
percent between the years 2001 and 2016 (World Health Organization, 2020).

Individuals who are becoming aware of the dangers and negative outcomes of
their increased sedentary lifestyle are in search of tools which can aid them pursuing a
healthier lifestyle. In light of this, the use of mHealth applications is highly promising.
mHealth applications regard applications which are capable of monitoring (and in some
instances sharing with either their social contacts or their medical experts) health
information via either self-reports or with the use of mobile technologies such as
wearables or smart phone applications. These applications can not only be used for
monitoring heath-related information, but can also use this information to motivate
their users in changing their behavior (Milne-Ives et al., 2020).

An excellent example of a healthy lifestyle-oriented application is GameBus.
GameBus is a project which aims at creating a novel application aimed at gamifying the
experience of monitoring and improving various lifestyle-related aspects of one’s life
such as physical activity or dietary intake. This done by using the concept of
"challenges"; a time-restricted period in which users are given a number of activities
which they can perform to their own liking. Challenges are mostly created for a group
of individuals, which range from a group of friends to an entire faculty of an university.
Each performed activity gives the user a number of points, set by the organizer of the
challenge, which can be anyone (for example, someone from the management of the
faculty or a company doctor), while the aim of the challenge is to score the most
amount of points. (“GameBus”, 2016)

"A platform that rewards teams for playing together healthy social,
cognitive and physical activities in a personalized gaming experience"
(“GameBus”, 2016)

However, a current limitation of the setup of the GameBus application and its
"challenges" is that the activities and the points rewarded are set by an individual and
are equal for all participants. This results in unequal opportunities for every
participants to achieve the same number of points. For example, someone who does not
have a bike cannot receive any points for any bike-related activities. Moreover, one
cannot assume that all participants are equally fit or physically healthy; someone may
have difficulties running more than 1 kilometer, either because they are not fit enough
or they have a medical condition. Therefore, to give good and appropriate
recommendations for activities, recommendations should be personalized and be tailored
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to the individual’s personal capabilities. The current research draws upon recommender
system literature to personalize these recommendations. The next section will discuss in
detail what recommender systems are and how they achieve this personalization

Recommender Systems

Recommender systems can be very useful when aiming to create a personalized
experience. These systems use a user’s information regarding their current preferences
or attitudes (e.g. past purchases on a website (Rana & Jain, 2012) or songs listened to
(Liang & Willemsen, 2019) but can also incorporate personality traits (Ferwerda &
Schedl, 2016; R. Hu & Pu, 2009) to give appropriate advice. This advice can, for
example, include recommendations on what song to listen to (Liang & Willemsen, 2019)
or what movie to watch (Gomez-Uribe & Hunt, 2015). The next section will discuss
some successful recommender system interventions, namely in the energy-saving and the
nutrition intake domains and then continues with a short overview of the current
literature in the healthy lifestyle domain.

Energy-Saving Behavior

Starke et al. (2017) have developed a recommender system of 79 distinct
energy-saving measures and have proven that it can effectively be used in order to give
recommendations on which measures someone can take based on their current attitudes
and preferences. It draws upon research by Knijnenburg et al. (2014), which proved
that recommender systems could effectively be used in helping people discover new,
effective energy-saving measures that accurately matched their profile. Furthermore,
their research concludes that the balance between the energy-saving ability of the
individuals and the required effort or behavioral cost of a measure should be taken into
account when tailoring advice, stating that measures that match one’s current
preferences or attitude are most effective.

Dietary Intake

In a study by Schäfer and Willemsen (2019), researchers created a recommender
system that aids the user in striking a healthy balance between all nutrients. They were
successful in creating a recommender system that used both the user’s food preferences
as well as current nutrient intake to give recommendations on recipes that matched the
user’s food preference while increasing nutrient intake for nutrients that were lacking in
the user’s eating habits. In their research, the tailored system was more successful in
provoking positive behavioral change as well as slowing the decline in system interaction
over the course of the two-week intervention study.

Healthy Lifestyle

Most current literature on lifestyle recommender systems aim to use the
combination of a physical activity- and a food recommender system to create a "healthy
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lifestyle" system (e.g. "Runner" (Donciu et al., 2011) or "Shade" (Faiz et al., 2014)).
However, most of these systems relate to very niche user groups (e.g. users with a
medical condition (Faiz et al., 2014; Ferretto et al., 2020) or professionals (Donciu et al.,
2011)). Dharia et al. (2016) have proposed a system that suggests personalized workout
and dietary recommendations that uses contextual data of users, that include past
activities as well as their current physical fitness and preferences. Recommendations are
then given based on both the user’s preferences, as well as the preferences of other,
similar users. However, our literature research showed no recommender system that
uses such a framework. In the current study, we aim to investigate the feasibility of a
system that uses the contextual data as Dharia et al. (2016) suggest in a generalized
(i.e. for every individual) setting.

Goal Difficulty and Perceived Capability

The notion of the balance between the perceived challenge and an individual’s
capabilities is not unfamiliar when investigating the effectiveness of behavioral
interventions. For example, we already discussed Starke et al. (2017), in which the
researchers found that measures that matched the user’s profile were most effective.
Research widely suggests that the the extent to which a task is challenging is an
essential factor when aiming to provoke behavioral change. However, research on the
optimal balance between the capabilities of the individual and the difficulty of an
activity yields varying results. (e.g. Bonenfant (1971) and Sporrel et al. (2021)) We
therefore continue by describing two influential theories in the domain of behavioral
change and discussing their influence and view on what this balance should be.

Goal-Setting Theory

The theory of goal-setting is one the most frequently used methods found in
physical activity interventions aimed at provoking behavioral change (Michie et al.,
2018). Locke (1968) states that goal-setting theory (GST) is based on the idea that the
process of setting goals is highly effective in reaching a user-set level of proficiency in a
given activity. They explain that it focuses an individual’s attention towards their goal
and thus in turn increasing tenacity towards this goal.

Locke et al. (2015) states that the ratio between a set goal and the performance
of an individual can be moderated by distinct ’goal attributes’, such as goal clarity ,
feedback, task complexity, and challenge. Moreover, the study points out that several
individual difference variables may significantly affect the performance on the goal.
More specifically, they mention that a higher commitment to the goal, ability and
self-efficacy, perceived importance and anticipated satisfaction maximise the effects of
goal setting.

In a systematic review and meta-analysis by McEwan et al. (2016) on 45 studies,
the researchers found a medium positive effect of goal setting on physical activity.
Furthermore, the researchers found that effectiveness is present irrespective of goal
communication method (e.g. in-person or via technology) and intervention duration. In
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line with Locke et al. (2015), no significant changes in effectiveness were found when
controlling for sample characteristics such as age, weight or prior activity status. All
these findings are encouraging, as they suggest that an intervention using specific
goal-setting could be very effective in provoking behavioral change.

Flow Theory

Csikszentmihalyi’s Flow Theory discusses the idea that an individual can be
fully immersed when performing an activity, and creates feelings of immediate
enjoyment, full involvement and a high level of focus (Csikszentmihalyi, 2009). An
example of such an activity is performing one’s hobby, such as drawing. Although the
theory is relatively old, it began to become prevalent between 1980 and 1990. It can be
applied to not only lifestyle interventions, but is also found in areas such as habit
learning or occupational therapy. Current Flow Theory research is interested in how it
can be used in order to emphasize positive experiences. In the end, Flow Theory can be
applied when one aims to create an experience that is so enjoyable that it creates
happiness and positive affect in the long run. Moreover, studies found that challenges
and/or tasks that are above an individual’s average capability nurture positive affect.

Csikszentmihalyi poses that, in order to achieve flow, three distinct conditions
should be met; the activity must have clear goals and progress, feedback should be
immediate and there is a requirement for a balance between the perceived
challengingness and perceived capabilities of the individual. We find the former two in
multiple goal-setting or behavioral change theories (e.g. in GST (Locke & Latham,
2002)). However, in the scope of the current study, the latter is especially interesting.

Tailoring Goal Difficulty

Goal-Setting theory states that the challenge of a task should be at the verge of
one’s own capabilities, and performance on these tasks stabilizes or even decreases when
these capabilities are exceeded or when tasks are too easy (Locke & Latham, 2002). This
notion is also present in Flow Theory, as it requires a balance between the perceived
challengingness of an activity and the perceived capability of the individual. Moreover,
Flow Theory suggests that a person’s perceived capability changes over time as one
becomes more proficient in an activity (Csikszentmihalyi, 2009). This thus also suggests
that, in order to prolong engagement and to keep performance on an activity high, the
goal complexity and/or challengingness should be adapted to the individual’s skills.

In the scoping review by Sporrel et al. (2021), the researchers explored the
different design characteristics of persuasive strategies used in PA mobile health
interventions. It further examined the extent to which previous mHealth intervention
studies sufficiently examined the effects of different design characteristics in order to
sufficiently persuade the user. In summary, monitoring, reminders, sharing and social
comparison were insufficiently studied to draw conclusions about implementation.
Furthermore, rewards are an effective method in order to promote PA but the effect of a
given value or type (financial, points etc.) is unclear. Also, as rewards mainly promote
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extrinsic motivation and long-term behavioral change is mainly correlated with intrinsic
motivation, the effect of rewards on long lasting behavioral change is uncertain.

The results of the study further suggest that goal setting has a significant effect
of the intervention on promoting PA. Among other results, the study revealed that
system-set goals are more effective than user-set goals. Interestingly however is that
most users chose to set a manual goal instead of letting the intervention set a goal for
them, implying that users mostly prefer to set their own goals. Furthermore, in line
with GST, the study also demonstrates the fact that when goals are catered to the
physical capabilities and/or context of the individual, effectiveness is likely to increase
in comparison to generic goals.

Results further discuss the fact that adaptively tailored goals are more effective
than generic, static goals. This is mainly seen in a study by Adams et al. (2017), in
which researchers concluded that adaptive goal setting resulted in a slower decline in
PA throughout the study period, resulting in a higher improvement in PA at the end of
the study period. Extending on this, results further suggest that goals that are on the
verge of a user’s capabilities appear to be more effective than goals that are set too easy
or too hard. This is in line with Flow Theory, which suggested a balance between the
perceived challengingness of a task and the perceived ability of the user. However, the
exact challengingness of the task is unclear, as well as the difficulty increase when using
dynamic goals. For example, Moon et al. (2016) found that an increase of 20% and 40%
is most effective, while Chapman et al. (2016) found that a doubling of difficulty is most
effective.

Goal Personalization

Based on the previous literature, we have concluded that lifestyle interventions
highly benefit from setting goals that are achievable and measurable. It also suggests
that retention rates can possibly be improved by personalizing the experience and goal
setting to the user (Sporrel et al., 2021). Therefore, in order for an intervention to
effectively provoke behavioral change, the goals set should be personalized to the
individual’s situation. For example, someone who is more proficient in running a
marathon will have a lower challenge in running-based challenges than a user who does
not perform any physical activity outside daily activities.

Nuijten et al. (2022) studied the effect of personalizing goal setting in a gamified
mHealth intervention. The aim of the research was to reinforce the notion that goals
catered to a user’s capabilities are more effective in provoking behavioral change.

In the eight-week study, participants participated in a health promotion
campaign which was aimed at specifically promoting walking, bike rides and other sport
sessions. Users could track their performance using a the GameBus mHealth tool, which
also enabled users to compare their performance to other peers. The two randomized
groups consisted of 1) the control group, which had their goals set by national
guidelines and 2) the intervention group, in which goals were adaptively set based on
self-perceived capabilities and self-selected goals.
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Similar to the aforementioned study by Sporrel et al. (2021), engagement
inevitably declined. However, similar to Sporrel et al. (2021), the rate of decline is lower
for the intervention group, suggesting that a dynamic goal setting strategy is effective in
prolonging engagement. This effect was especially observed when personalizing the
frequency of activities, as results shows that personalizing the frequency of the sports
sessions resulted in significantly higher engagement levels.

Although this paper is very insightful, as its work suggests that personalizing
goals result in prolonged engagement and higher effectiveness, the personalization
method used is difficult to translate to a generalized setting. Not every individual has a
specific goal in mind, nor does everyone want to limit themselves to three distinct
activities. Furthermore, the method used in adaptively making goals more difficult does
not account for non-linear changes in an individual’s capabilities, as it currently follows
a linear increase. Finally, Sporrel et al. (2021) already showed that system-set goals are
more effective than self-set goals, which are used in the current study. Therefore, we
aim to improve on this research by improving on the personalization method used.

Summarizing, multiple studies have already shown that personalization of goals
or recommendations can have a significant positive effect on positive behavior change.
We also discussed the importance of the balance between the capabilities of a person
and the difficulty of a task, where theory suggests that goals should be at, or just over,
one’s own capabilities to be most effective, whereas previous studies show higher
effectiveness for tasks that are relatively easy (e.g. Starke et al. (2017). Moreover, it is
unclear what attributes or personal characteristics play a role in motivating an
individual in becoming more fit or performing a given activity.

In order to overcome these issues in the energy-saving domain, Starke et al.
(2015) created a recommender system based on Rasch modeling, which encapsulates
both persons and energy-saving measures on one scale. Similar accomplishments have
been achieved for recommender systems for nutrition assistance systems (Schäfer &
Willemsen, 2019) and lifestyle changes (Radha et al., 2016). Rasch modeling is driven
by personal data and thus supplies the user with recommendations that are specifically
catered to their personal capabilities and attitudes. This method of personalizing goals
and recommendations comes with significant advantages in comparison to different
methods or personalization. For example, the Rasch modeling does not assume that all
activities are equally difficult for everyone. It provides a direct comparison between the
difficulty of an activity to the ability of an individual and can therefore accurately
determine whether it is probable that this individual will complete the activity.
Furthermore, it eliminates the need for extensive surveys or tracking systems, as only a
small amount of personal behavioral data is needed in order to be able to create a broad
range of recommendations. For example, Starke et al. (2020) asked users for a set of 13
behaviors whether they performed these or not and was thereafter able to create an
(accurate) recommender system from a set of 79 different behaviors. We therefore aim
to create a similar system in order to personalize the lifestyle recommendations given by
applications such as GameBus. The next section will discuss the psychometric Rasch
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model and its design implications for a recommender system.

The Rasch Model

Rasch modeling finds it origin in item-response theory (IRT) and is commonly
used for analyzing categorical data. The premise of Rasch modeling is to compute the
probability that a person performs a given behavior. This is done by quantifying a
latent trait of the individual based on the assumption that a individual’s response to
any particular item is a function of (the difference between) both his/her capabilities
and the difficulty of the item. For example, in Starke (2019), the researchers aimed at
quantifying energy-saving behavior (the latent trait) by asking a set of energy-saving
behaviors (such as turning the lights off when leaving a room) whether participants
already performed these or not. Another example can be found for assessing
mathematical performance of students, where this performance is evident when
assessing their performance on mathematical assignments with varying difficulties
(Bond & Fox, 2007; Galli et al., 2008).

Existing literature already proves that Rasch-based recommender systems can
produce very promising results. The concept of a Rasch-model can be generalized as the
probability than an individual performs a given item, given the difference between the
ability of an individual and the difficulty of an item. This can be formalized as the
probability P that person p performs a measure m as the difference between the person
p’s ability θ and the measure m’s difficulty δ:

P (Xpm = 1) = eθp−δm

1 + eθp−δm

This inherently suggests that when an item is exactly equal to an individual’s
ability, the probability that the individual performs this item is exactly 50 percent.

As Sick (2010) demonstrate in figure 1, the model fit can be visually assessed by
constructing Item-Characteristic Curves (ICC). In these curves, the x-axis represent the
latent trait that is modeled in the Rasch model on a logit scale and the y-axis
represents the probability that the individual performs or achieves the item. For
example, when considering an individual with an ability of 0.5 logits, figure 1 shows
that there is a 20% chance this individual performs D(1), while there is an almost 100%
chance they perform D(-1)

Design Implications

Starke et al. (2020) already showed that by asking a small subset of items, it is
possible to create a extensive recommender system of energy-saving measures based on
a Rasch model. Furthermore, Nuijten et al. (2022) showed that personalizing physical
activity goals are effective in prolonging engagement and increasing positive behavioral
change. However, the latter only limited itself to three distinct activities. Moreover, it
also adapted its recommendations on a linear increase over time towards a user-set goal.
Although their work resulted in useful insights, the current study proposes a significant
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Figure 1
(Hypothetical) Item Characteristic Curves. Retrieved from Sick (2010)

improvement to their study. Mainly, the current study aims to use a Rasch-scale in
order to determine the current activity levels of individuals, whereas Nuijten et al.
(2022) asked for an estimation of steps taken, kilometers biked and number of sports
sessions on a daily to weekly basis. Rasch modeling will result in a more accurate
representation of the current level of activity of the individual, and will furthermore
enable a broader range of- and more appropriate recommendations, as seen in Starke
et al. (2020).

However, in contrast to the work by Starke et al. (2020), where the researchers
used energy-saving measures from a previous study (Knijnenburg et al., 2014), no
pre-existing calibrated dataset of measures exist that can be used in creating and
calibrating a Rasch-scale in the current domain. Therefore, the present research sets out
to use a broad range of registered activities from previous studies to create a list of
healthy lifestyle choices that will be used in creating and validating a Rasch scale, and
using this scale in a recommender system. These activities are adapted from studies
used in Nuijten (2022) and include both food- and physical activity related activities.
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Sub-Research Questions and Research Setup

Summarizing, the current research sets out to create a general healthy lifestyle
recommender system based on both physical activity and dietary intake
recommendations. This system can be used by mHealth applications to motivate their
users on a personal level to improve on their lifestyle choices. For this purpose, we use
the gamified mHealth tool GameBus as used in Nuijten et al. (2022).

However, as such a recommender system has only been applied in specific
settings (i.e. medical conditions or professionals), we cannot draw from previous
research whether such a system is feasible. Neither can we confidently say that a Rasch
scale can be accurately created and calibrated. Therefore, before we can investigate the
effects of a Rasch-based recommender system, we need to investigate whether such a
scale is possible in the healthy lifestyle domain;

SQ1: "To what extent is it feasible to create a Rasch-scale with a healthy lifestyle
as the unidimensional construct?"

The current research follows a similar setup as that found in Starke et al. (2015).
We first perform a pre-study in which we perform a Rasch analysis on a large set of
registered activities to create and calibrate a Rasch scale to determine whether such a
scale is feasible. After the scale has been calibrated, we measure the scale fit and
reliability. However, the data on which this scale is based is not inherently suitable for
Rasch scale calibration. It is sampled from different studies with different main goals
and participants (see Table 14.1 in Nuijten (2022)). The studies also include activities
that are not applicable to everyday life (e.g. some studies focused on pre adolescents).
We therefore continue by asking participants to fill in a questionnaire in which they are
asked for each of the activities found in the first scale whether they already perform
these in their daily lives. We use the results of this questionnaire to create and calibrate
a second Rasch scale. This second Rasch scale will be used to give recommendations in
a two-week period. Since there is no research investigating whether such a system is
appropriate, we aim to quantify the perceptions participants have regarding the
recommendations given. In order to get an accurate representation of the
appropriateness of our recommendations, three subjective measures are chosen. First,
we want to have insights into whether people are satisfied with their received
recommendations, as previous studies have shown that satisfaction has a positive effect
on provoking behavioral change (Starke et al., 2017), as well as on both short- and
long-term engagement (Zou et al., 2019). Second, we want to find out whether the
received recommendations give the person a feeling of motivation, as individuals who
are more motivated are likely to interact with the system in the long-term (Zhao et al.,
2020). We furthermore make the intuitive assumption that individuals who feel
motivated by their recommendations will also report a higher satisfaction with their
recommendations and in turn will complete more activities. Finally, in line with our
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literature overview, we want insights into how much effort the participants feel the
activities take to complete, as we want to find out whether our system does not
recommend activities that are either significantly above or below the capabilities of the
individual, as well as find out whether this affects the effectiveness of our recommender
system. In order to do this, we conduct a questionnaire at the end of the study period
that uses an adapted version of the questionnaire found in Starke (2019). This
questionnaire consists of questions regarding the perceived effort the recommendations
require, the extent to which the given recommendations are motivating and the extent
to which participants are satisfied with the recommendations;

SQ2: "What is the effect of Rasch-based goal personalization on the satisfaction,
motivation and perceived effort of recommendations?"

In order to determine whether recommendations should be either above one’s
own capabilities (as both Goal-Setting Theory and Flow Theory suggest) or below (as
found to be more appropriate by participants in the energy-saving domain (Starke
et al., 2020)), we assign participants to either of these two conditions;

SQ3: "How should healthy lifestyle recommendations be tailored in order to be
most effective?"
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Methods Outline

The current study follows a relatively convoluted approach. Therefore, this
preface outlines the next sections, which describe the methods used in the study. The
overall study can be divided in two distinct steps.

The first step (Study 1) relates to the creation of a first Rasch scale (further
labeled as Scale 1). It will first describe the data that will be used in creating Scale 1
and how it will be cleaned and transformed to a usable dataset. It will then continue
with describing the process of creating the Rasch scale. However, as will be apparent in
the next section, the scale created in this study is not directly suitable to create and
calibrate an effective Rasch scale that can be used for recommendations. Therefore, in
order to effectively answer our research question regarding the effectiveness of a
recommender system based on a Rasch scale in the healthy lifestyle domain, we first
need to re-calibrate this scale.

The second step (Study 2) relates to the recalibration of Scale 1 (further labeled
as Scale 2) as well as implementing this scale in a recommender system. We therefore
further divide Study 2 in two distinct steps; Study 2a relates to the recalibration of
Scale 1. It begins by describing the survey that will be used in order to obtain the data
necessary to recalibrate Scale 1 and presents and discusses the scale that will be used in
Study 2b. Study 2b covers the implementation of Scale 2 in a recommender system, as
well as the methods of the experiment to answer SQ2 and SQ3.

Study 1: Creating a one-dimensional scale of healthy lifestyle choices

In the following section, the creation of Scale 1 will be discussed in detail.

Creating the base Rasch Model

The data set retrieved from Nuijten (2022) consists of 543 unique users and 184
unique activities, with a total of 582123 registered activities. These activities include
both physical as well as food-related activities. Examples of the first range from "Walk
at least X km" to "Participate in a game of dodgeball" or even "Empty out the
dishwasher". The latter include activities such as "Eat a piece of fruit" or "Cook a
healthy dish for dinner". These activities were included in various other studies in the
period between 2018 and 2021. This data however also includes unfinished tasks,
system-related entries, duplicate entries and other unusable data. Figure 2 illustrates
the data cleaning and transformation process.
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Figure 2
Flowchart illustrating data cleaning and transformation

All data cleaning and transformation has been performed using the Python 3.9
programming language. 1 The method used in determining the activity level (step 3 in
Fig. 2) is given in pseudocode in Alg. 1. To ensure that outliers (i.e. individuals who
have an extremely high effect on the mean of activity for a given activity, for example,
on average, "Walk at least 500 meters" is completed 3.6 times, while one individual had
281 registrations.) are accounted for and do not negatively affect the validity of the
Rasch model, all entries are translated to its z-score. Creation of the Rasch model is
performed using the Winsteps software, which is a versatile and well-documented Rasch
Measurement & Analysis tool (Linacre, 2022b).

1 This is mainly done using the pandas package, which enables data analysis methods not present in
the base Python programming language.
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Algorithm 1 activityLevelFunction()
1: Create a list of all unique users
2: Iterate over this list, performing the following:
3: Create a list of all unique tasks this user participated in
4: Iterate over this list, performing the following:

a: Calculate the z-score for this user for this activity. a

b: Depending on this score, give the user an activity level for this activity b

c: Add an entry to a different dataset with the user’s ID, the activity’s ID and the
activity level.

a This is done by Z = χ−µ
σ , where µ is the mean number of times completed for this activity and σ is

the standard deviation.
b Depending on the amount of standard deviations the user is away from the mean; <-2=1, -2 to -1=2,
-1 to 0=3, ..., >2=6

Results

Scale 1 can be seen in Table 1. The final scale was fitted on 52 items and 539
users. Figure 3 shows the distribution of both activities and users in the Rasch model.
We see that both distributions follows neither a normal nor an even distribution.

Misfit analysis

The misfit analysis is focused on determining which activities possible suffered
from being overfitted (i.e. fitting too perfectly in the model, which indicates that either
an activity is redundant or user responses for a particular activity varied too little) or
being underfitted (i.e. when the pattern of responses is unexpected, indicating noise in
the data). Out of the 52 items, three items exceeded the prescribed infit guidelines of a
MNSQ of 1.4 (see B1), indicating that most items do not suffer from either over- or
underfitting.

Reliability analysis

We find that the behavioral cost levels of the activities ranged from δ 1.73 to
δ − 3.47 (M = 0.00; SD = 1.57). We find a larger number of items in the positive
direction from the mean than in the negative (38 and 14 respectively). To further
investigate model reliability, Winsteps reports reliability statistics. Item reliability was
high (α = 0.95), suggesting that the order of behavioral cost levels for the activities is
appropriate and reproducible (Bond & Fox, 2007). In order to further study the
reliability of the model, Winsteps also reports separation indices, which refer to the
number of statistically different levels of both person or item difficulty that can be
distinguished in the data. Linacre (2006) states that separation values of >2 are
satisfactory. Our model shows high item separation (4.31), thus both suggesting that
the model can determine a sufficient number of groups between items as well as
indicating that the person sample is large enough to confidently confirm the hierarchy



HEALTHY LIFESTYLE RECOMMENDER SYSTEM 19

of the items (Linacre, 2022a). Finally, person reliability and separation were relatively
low but acceptable (0.62 and 1.28 respectively). High person reliability implies that
there is a good diversity in the ability levels of the persons and the number of items per
person is sufficient to create a acceptable model. We therefore conclude that our current
model required more registered activities per person or a more diverse sample with
respect to ability levels of persons to confidently determine the ability of the users
(Bond & Fox, 2007).

Figure 3
Barplot depicting the distribution of both users and activities over the first Rasch scale.
The x-axis represents the difficulty/ability scale, the y-axis represents the number of
items/persons.
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Activity δ MS ZSTD
walk at least 3 km. 1.73 0.95 0
walk at least 1 km. 1.68 0.98 0.1
eat a healthy lunch. 1.62 0.83 -0.30
eat a healthy snack. 1.62 0.77 -0.50
go for a "roll" for at least 15 minutes (skeelering, ice skating etc.). 1.50 1.66 1.50
go for a bike ride of at least 8 km. 1.49 1.36 1.10
have a sports sessions of at least 30 minutes. 1.30 1.17 1.00
go for a bike ride of at least 1 km. 1.22 0.68 -1.80
go for a bike ride of at least 4 km. 1.18 1.33 1.70
go for a bike ride of at least 2 km. 1.08 0.62 -0.60
go for a run of at least 15 minutes. 1.06 0.76 -1.20
go for a bike ride of at least 3 km. 1.05 1.51 1.50
walk at least 2 km. 1.00 0.94 -0.30
take a picture outside. 0.91 1.49 1.00
perform at least 15 sit-ups. 0.88 0.98 0.10
take a "work walk". 0.88 0.92 0.30
participate in a ball sport for at least 25 minutes. 0.87 1.19 0.80
go for a swim of at least 15 minutes. 0.86 0.99 0.10
take a screenshot of an app that shows 15k steps on one day. 0.83 1.27 0.60
walk at least 250 meters. 0.75 0.69 -2.40
go for a bike ride of at least 15 minutes. 0.73 0.83 -1.00
perform at least 30 lunges. 0.71 0.35 -0.90
walk at least 500 meters. 0.64 0.71 -0.30
eat a piece of fruit. 0.63 0.90 -0.50
take a picture of yourself in sporting clothes in a park or forest. 0.60 0.76 -0.40
take a picture of a healthy dish. 0.60 0.47 -0.80
take a picture of a "healthy" shopping cart. 0.59 1.18 0.50
participate in fitness, yoga of dance for at least 25 minutes. 0.58 0.94 -0.30
take a picture of yourself on your bike with work colleagues. 0.56 0.86 0
make a healthy salad. 0.56 1.04 0.20
participate in aerobics or a different gym sport for at least 30 minutes. 0.56 1.34 0.70
take a picture of yourself on your bike on your way to the gym. 0.48 0.71 -0.60
make a healthy sandwich. 0.45 0.82 -0.10
take a picture of yourself at the top of the stairs in the Atlas building. 0.43 1.36 0.80
do your groceries by foot. 0.41 1.39 1.00
take a picture of yourself while participating in a group physical activity. 0.30 0.73 -0.70
do at least 15 reps of deskercise. 0.30 1.35 1.80
do your groceries by bike. 0.15 0.68 -1.10
participate in a game of dodge ball. -0.30 1.85 1.90
eat a healthy dish. -0.68 1.15 0.50
go for a short walk. -1.22 0.68 -1.40
take a sweaty picture with your friends. -1.22 0.46 -3.50
go for a run of at least 10 minutes -1.53 0.46 -3.50
perform the following yoga pose: -2.44 0.86 -0.80
go for a walk with your dog. -2.59 1.24 1.10
take a selfie in a park or forest. -2.92 1.07 0.40
go for a short bike ride. -3.23 0.88 -0.30
participate in a game of checkers. -3.25 1.36 0.80
drink a cup of tea. -3.25 0.88 -0.10
go for a bike ride. -3.30 1.06 0.30
perform at least 20 push-ups. -3.39 0.60 -0.80
participate in an activity that makes you sweat. -3.47 0.73 -0.40

Table 1
All activities included Scale 1. All infit statistics (difficulty (δ) , mean square (MS) and ZSTD
(standardized as a z-score) are included as well. More difficult items are at the top.
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Conclusion

In conclusion, Study 1 produced a diverse unidimensional scale of 52 healthy
lifestyle related activities, relating to both physical activity as well as dietary intake
choices (see Table 1). We were futhermore able to relatively accurately determine the
ability of the 539 persons. The latter is particularly encouraging as, on average, every
individual only partook in 12 unique activities. Therefore, with a relatively low amount
of data per user, we were able to create and calibrate a Rasch scale with activities from
the healthy lifestyle domain. However, the dataset used comes with significant
limitations. First of all, the data is comprised of data from a number of different
studies. This inherently means that not all data is registered with the same aim in
mind. Moreover, not all data is retrieved from the same population (for example, data
is registered by both (pre) adolescents as well as adults). Therefore, in order to use the
data to effectively create a scale, the data will first need to be recalibrated.

Important to note is that not every activity that is currently present in the scale
will be used in Study 2. This is due to some activities being present in the current list
of activities that can be merged. For instance, the activities "go for a bike ride" and "go
for a short bike ride" are very similar. Furthermore, due to very small differences in
behavioral cost levels between some similar activities, some activities are dropped (e.g.
cycling 1km, 2km, 3km and 4km have a respective behavioral cost levels of 1.22, 1.08,
1.05 and 1.18). Therefore, of the 52 activities, only 43 are present in Study 2.

Nevertheless, the goal of this study was not to create a scale appropriate for
recommendations, but only to investigate the feasibility of such a scale as well as
creating a scale or list of a large number of appropriate activities that could be used for
recommendations. Therefore, this study nevertheless suggests that a Rasch scale with a
healthy lifestyle as the unidimensional construct is feasible and creates a stepping stone
on which Study 2 builds upon.
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Study 2: Implementing a Rasch-based Healthy Lifestyle Recommender
System

Study Procedure

In Study 2, we implement the Rasch scale created in Study 1 in a healthy lifestyle
recommender system. However, as discussed, the data used in the scale cannot directly
be used in creating an effective scale. Therefore, we first re-calibrate the scale on a new
sample, after which this re-calibrated scale is used in order to give recommendations.
To that end, the first step of Study 2 (Study 2a) relates to the re-calibration of the scale
created in Study 1, creating a Rasch scale used that can be used for recommendations.
This re-calibration is done by introducing the activities from the current scale to a
sample of participants. In the second part of Study 2 (Study 2b), the same participants
will receive a number of recommendations for healthy lifestyle choices. This system is
implemented in the gamified web application SamenGezond, which is based on and
similar to the GameBus application discussed before and used by Nuijten et al. (2022)

Study 2a: Creating and Calibrating an Appropriate Rasch Scale

Participants and Research Setup

In Study 2a, we re-calibrated the scale created in Study 1 to be suitable and
appropriate for giving accurate recommendations. Participants were told they were
invited to test and participate in a new tool which tailored healthy activities to their
own capabilities, for which they were first required to fill in a survey regarding their
current lifestyle. In total, 193 participants were approached of which a total of 45
responded to the survey. All 193 approached participants were part of a health-related
research community.

The Survey

To assess the current lifestyle of every participant, each participant was asked for
every activity from the scale from Study 1 to which extent they perform these in their
daily lives. For every activity, participants could indicate "never", "rarely", "sometimes",
"often" or "not applicable". Examples of not applicable activities could be emptying out
a dishwasher when a participant did not have a dishwasher or going to one’s gym by
bike when a participant did not have a gym membership. At the end of the
questionnaire, participants were asked to create an account on the SamenGezond
platform, on which their personalized recommendations are given in Study 2b.

Participants who submitted a complete response to the survey entered a 1 in 5
raffle to win a 10 euros giftcard.
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Results

Onboarding questionnaire

Out of the 45 responses, seven responses were incomplete. All other 38 responses
were complete and were included in the analysis. Of the 43 activities that were
presented, only two activities were indicated to not be applicable to every participant.
"Empty the dishwasher" and "Go to your gym by bike" were filled in by respectively 27
and 29 out of 38 participants, which seems quite logical, as these are two activities that
are not applicable to every individual (not everyone has a dishwasher nor has a
subscription to a gym).

The Rasch model

Based on the results of the study, we were successful in creating a new Rasch
scale. 2 The resulting model fit the standard guidelines, achieving high levels of
reliability. Table 2 summarizes the behavioral cost levels of all activities that were
present in the onboarding survey as well as their infit statistics. The table is ordered
from low to high behavioral cost levels (δ). A barplot of the distribution of both
persons and activities is shown in Figure 4.

The barplot shows that the distribution among the population follows a relatively
normal distribution, which is supported by a Shapiro-Wilk test for normality (p =
0.26). The distribution of items does not follow a normal, but a bimodal distribution,
with two peaks at around both .75 and -.75 ability marks. This could be explained by
the fact that the set of activities can be distinguished between both physical activities
and food-related activities, resulting in two distinct means for the two groups.

2 The Rasch model is again created and analyzed using the Winsteps software (Linacre, 2022b)
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Figure 4
Barplot depicting the distribution of both users and activities over the Rasch scale on
which recommendations will be based. The x-axis represents the difficulty/ability scale,
the y-axis represents the number of items/persons.

Misfit analysis

Similar to Study 1, we again perform a misfit analysis. No activities exceeded
the infit guidelines for overfitting with no items having a MNSQ of lower than 0.5,
indicating that items are generally not redundant (i.e. there is no to little overlap
between items) and there is sufficient variation between user responses. Five activities
exceeded the infit guidelines, having an infit MS higher than 1.4. This indicates that
these items are susceptible to underfitting (i.e. noise in the data that is not modeled).
However, due to the already limited number of activities and to retain resolution in the
item separation, no items were excluded.
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Reliability analysis

The δ-levels of all activities ranged from 1.63 to -2.61 (M = -0.06; SD = 0.86),
which includes all person ability levels (θ-levels of 1.08 to -0.66, M = 0.25; SD = 0.52).
Winsteps indicated a high item reliability of 0.93 and item separation of 3.65, which are
again appropriate statistics (Boone, 2016). Our model furthermore reports a high
person reliability of 0.88 and person separation of 2.75. These statistics all indicate that
the model can accurately and confidently be used for measurements and
recommendations and is likely to be replicated in future studies.

Conclusion

Study 2a resulted in a unidimensional scale of 43 healthy lifestyle activities,
which is suitable for giving recommendations. In contrast to the data used in Study 1,
the current study produces a Rasch scale consisting of healthy lifestyle choices that is
based on (self-reported) data of an appropriate sample.

To answer our first sub-question, namely "To what extent is it feasible to create a
Rasch-scale with a healthy lifestyle as the unidimensional construct?", we discuss our
results.

Model statistics were good; item and person reliability as well as their separation
statistics were high. We can therefore confidently conclude that it is feasible to
construct a Rasch scale with a healthy lifestyle as the unidimensional construct that can
effectively be used in order to give recommendations. The scale created in Study 2a can
therefore accurately be used in Study 2b, in which participants will receive
recommendations based on their ability on this scale. The high model statistics ensure
that the recommendations given are accurate with relation to the ability of the
participants.
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Activity δ MS ZSTD
perform some form of physical activity in which you "roll" (e.g. skeelering,
ice skating etc.)

1.63 1.17 0.6

participate in a ball sports (soccer, volleyball) for at least 25 minutes? 1.10 1.66 2.5
go for a swim? 1.10 0.90 -0.40
go for a run in a park/forest? 0.96 1.05 0.30
play at least one game of a ball sport (soccer, dodgeball etc.) 0.95 1.94 3.00
perform at least 20 push-ups? 0.93 1.10 0.60
perform at least 30 lunges? 0.90 1.09 0.50
perform some form of yoga? 0.86 1.05 0.30
participate in a mental board game? (e.g. checkers, chess etc.) 0.70 1.51 2.10
perform at least 15 sit-ups? 0.63 0.91 -0.40
do at least 15 squats? 0.63 1.14 0.70
go for a long bike ride? (>17.5km) 0.61 0.89 -0.50
follow a biking route? 0.58 0.96 -0.20
perform at least 30 minutes of aerobics or a similar gym sport? 0.52 1.17 0.90
perform deskercise? (i.e. stretching out, do light workouts behind your
desk while working/studying)

0.49 1.12 0.70

do at least 25 minutes of fitness? 0.32 0.98 -0.10
use stairs as an exercise? 0.30 1.03 0.20
participate in some form of physical group activity? (e.g. group sports
lessons, morning running classes)

0.24 1.10 0.60

take at least 15.000 steps on a day? 0.22 0.79 -1.20
participate, with friends, in a physical activity that makes you sweat? 0.11 0.86 -0.70
do your groceries by foot? 0.03 0.90 -0.50
visit a/your local park/forest? -0.06 0.63 -2.30
go for a walk during your work/studies? -0.09 0.89 -0.50
eat a healthy salad? -0.20 0.76 -1.30
go to your gym by bike? -0.20 1.24 1.10
take the stairs instead of the lift on work/on campus? -0.35 0.96 -0.10
drink a cup of tea? -0.41 0.68 -1.70
go for a leisurely walk? -0.41 0.68 -1.60
empty the dishwasher? -0.43 1.13 0.60
perform any sports for at least 30 minutes? -0.51 1.12 0.60
eat a healthy sandwich? -0.52 0.56 -2.30
do your groceries by bike? -0.56 1.43 1.80
eat a healthy snack? -0.64 0.53 -2.30
go to work/study by bike? -0.68 1.54 2.00
go for a short bike ride? -0.71 1.28 1.20
perform some form of physical activity that makes you sweat? -0.73 0.88 -0.50
do you shop for healthy groceries? (no ready-to-go meals, sugar-rich drinks
etc.)

-0.81 1.05 0.30

eat a piece of fruit? -0.94 0.76 -0.90
eat healthy for lunch? -0.99 0.91 -0.20
eat a healthy dish as dinner? -1.33 0.75 -0.70
eat a dish which you find healthy? -1.56 1.11 0.40
go outside? -1.65 0.67 -0.70
take your dog for a walk? (if you have no dog, indicate "Not applicable") -2.61 MIN MIN

Table 2
All activities included Scale 2. All infit statistics (difficulty (δ) , mean square (MS) and ZSTD
(standardized as a z-score) are included as well. More difficult items are at the top.
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Study 2b: Investigating the Effectiveness of Rasch-based Healthy Lifestyle
Recommendations

The current section starts with a description of the general procedure of the
experiment and describes the process of matching a participant to their corresponding
set of activities. It then continues with a description of the different metrics that were
measured. It ends with a description of the survey that is conducted at the end of the
study.

Research Setup

In Study 2b, the scale created in Study 2a is implemented in a healthy lifestyle
recommender system. As discussed in the literature overview, research gives no clear
answer as to whether recommendations should be challenging or easy to perform.
Theory and literature suggests that the first should be more effective (Adams et al.,
2017; Csikszentmihalyi, 2009; Locke & Latham, 2002), however, some studies show that
people have a tendency to view easier recommendations as more appropriate (Starke
et al., 2020).

To that end, the current study followed the following procedure; first, all
participants from Study 2a received an invitation (by email) in which they were told
that they have received a list of personal recommendations for activities on the
SamenGezond platform and that they are free to complete these activities to personal
liking for the next two weeks. These recommendations were based on 1) their ability
level, which is determined in the Rasch analysis in Study 2a and 2) their experimental
condition, further labeled as "easy" or "hard". Participants were randomly assigned to
either of the conditions. Depending on this condition, participants will receive
recommendations which are either below ("easy") or above ("hard") their current ability
level.

One week after the two-week activity period ended, we conducted a survey to
determine the appropriateness of the recommendations. This survey will include an
adapted version of the survey used in Starke et al. (2015).

Matching Participants to their Recommendations.

During the Rasch analysis in Study 2a, we have determined the current ability
level for each participant. In order to determine which recommendations each
participant should receive, we divided the list of 43 activities into thirteen subsets of six
activities and determined for each subset the mean difficulty.

This process went as follows: starting from the low end of scale (i.e. the items
with the lowest behavioral cost), the first group will consist of the first six activities,
from which the next group will consist of the next six activities. This continues until
the scale has fully been divided, after which a second number of groups will be created.
These consists of the three items with the highest behavioral cost ("hardest") from
subset 1 and the three items with the lowest behavioral cost ("easiest") from subset 2.
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This again continues until the full scale has been divided (with the exception of six
items; the three items with the lowest behavioral cost and highest behavioral cost). An
abstract of this procedure is shows in Table 3.

Group Activity Group

Subset 1.
µ = X

Activity 1
Activity 2
Activity 3
Activity 4

Subset 7.
µ = Y

Activity 5
Activity 6

Subset 2.
µ = Z

Activity 7
Activity 8
Activity 9
Activity 10
Activity 11
Activity 12

Table 3
Abstract of the procedure of dividing the list of activities into thirteen subsets.

After the list has been divided, participants were matched to the group with a
mean closest to their ability. Participants received the six activities in the set either
above or below their matched set (depending on their experimental condition) as
recommendations on the SamenGezond platform.

In total, of the 38 valid responses of the onboarding questionnaire, 26
participants created an account on the SamenGezond platform and were thus able to
receive their appropriate recommendations. After the two-week period has ended, all
participants (thus also participants that did not complete any activities) received the
final questionnaire, in which they were asked for their perceptions on the received
recommendations.

Measures

Objective Measures

To determine the effectiveness of the recommendations, we kept track of the
number of activities that participants registered. This allows for comparison between
the difficulty groups and enables analysis of which factors affect performance of the
participant.

Subjective Measures

Several subjective metrics regarding the participants’ perceptions on the
recommendations were measured in the survey at the end of the study. The background
as to why these measures were chosen was discussed at the end of the Background
section. These measures consist of the perceived effort a recommendation takes as well
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Survey Item Factor
Loading

Perceived Effort (α = .55), AVE = 0.36
The recommended activities would be hard to perform 0.97
It would take little effort to perform the recommended activities. -0.30
These activities would push my limits 0.22
Satisfaction (α = .81), AVE = 0.39
I am happy with the activities recommended to me. -0.56
I would like to see different activities than the ones that were recommended
to me.

1.00

The activities recommended to me suit me well. -0.32
The activities would be fun to perform. -0.37
Motivation (α = .60), AVE = 0.26
The recommended activities would be applicable to my personal situation 0.59
The recommended activities would motivate me to perform them 0.43
The activities would help me in achieving my health goals 0.52

Table 4
Factors and factor loadings based on a maximum-likelihood analysis for survey items from Study 2b.

as the extent to which the recommendations were motivating and satisfactory. The
questions found in the survey were retrieved and adapted from Starke et al. (2017), in
which internal consistency was confirmed and all items were validated. In the final
questionnaire, participants received a total of nine survey items (three for each
measure). Table 4 presents all survey items with their respective factor loadings.

Table 4 shows that the factor analysis on the subjective measures is
unsatisfactory. Internal validity could not be verified due to low AVE indices. Moreover,
internal consistency could only be verified for satisfaction, as both perceived effort and
motivation show low Cronbach’s alpha values. This may mainly be due to the small
sample size (N=11), which is insufficient to conduct a statistically significant factor
analysis (Mundfrom et al., 2005). We therefore retain the items as found in Starke et al.
(2015) and average these with equal weights.

Adjustments to the Final Questionnaire

Unfortunately, participant response rates during the two-week activity period
were too low (N=4). This meant that, if no action was taken, no statistically significant
conclusions could be drawn. Therefore, to alleviate this problem and to nevertheless
receive an acceptable number of data points, the final survey received two additions.
First, the survey showed the list of recommendations the participant received, regardless
of whether they have performed any activities. This meant that participants that did
not participate in the two-week activity period or did not log into the SamenGezond
platform at all were still made aware of the recommendations they received and were
thus able to give their perceptions on these. Second, all participants did not only
receive questions regarding their received recommendations (labeled as RList in the
next sections), but were also presented with two lists of new recommendations (labeled
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as NList in the next sections). These lists consisted of the sets of activities that were
both one group above or below their assigned recommendations. For example, when
regarding the example in Table 3, if the participant received Subset 2 as their list of
recommendations, the final section of the survey will also present the participant with
the activities from subsets 1 and 3. In this way, we were still able to measure the effects
of different difficulty levels, even though not all users engaged with the platform. 3

3 Since participants now participated in two studies, compensation was increased. Therefore,
participants that responded to the final questionnaire could forfeit their 20% chance for the 10 euros
giftcard and receive a 5 euros giftcard for certain instead.
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Results

Out of the 26 participants that were approached, 4 participants registered at
least one completed activity. A total of 11 participants filled in the final questionnaire.
Table 5 shows the statistics for the three subjective measures.

Measure Mean SD 95% Conf. Interval
Satisfaction 3.42 0.17 3.05 - 3.80

Perceived Effort 3.09 0.19 2.68 - 3.50
Motivation 3.06 0.13 2.76 - 3.36

Table 5
Mean, standard deviation (SD) and 95% confidence intervals for the three subjective measures. Note
that the measures are based on a scale ranging from 1 to 5 and Perceived Effort is reversely coded (i.e.
a higher mean value represents a lower perceived effort).

Structural Equation Model

As multiple metrics with multiple possible relations and interaction effects are
measured, we organize all measures in a Structural Equation Model (SEM) found in
Figure 5. This model relates to the survey results regarding the received
recommendations (RList). Structural Equation Modeling is a powerful tool due to the
fact that it is capable of evaluating both direct and indirect effects on casual
relationships between variables (Fan et al., 2016).

The overall model had an statistically insignificant fit: χ2(10)=15.890 p =
0.103, CFI = 0.950, TLI = 0.499, RMSEA = 0.172 The low Tucker-Lewis Index (TLI)
and high root mean square error of approximation (RMSEA) index shows that the
model-data fit is not sufficient (L. T. Hu & Bentler, 1999). We see that the difficulty of
the recommendations has a direct effect on the number of activities that were
completed. (coef. = -0.556, p<0.05), which confirms that harder activities result in
lesser activities completed. Figure 5 also shows that satisfaction has significant negative
effect on the number of completed activities. This is strange, as previous literature
shows satisfaction having a positive effect on the number of completed items (e.g.
Starke et al. (2017)). We furthermore see a significant effect of motivation on
satisfaction, indicating that people that see the recommendations as more motivating
are also more satisfied with their recommendations.

However, the overall sample size of 11 (and N=4 for # of completed activities) is
statistically too small to confidently draw conclusions from this model. See Appendix A
for the full power analysis. Therefore, in order to draw statistically sound conclusions,
we continue with an investigation on possible effects, disregarding the SEM model from
Figure 5 as the ground truth.

The remainder of the current section consists of two parts: first, it describes the
results from the survey that regard RList. It analyzes the effects of difficulty on the
three subjective measures, as well as the effects both difficulty as well as the subjective
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Figure 5
SEM for Study 2. Number at the arrows represent the standardized coefficients of the
effects (negative equates to a negative correlation). ** p<0.05, *p>0.05

measures on the number of completed activities. The final segment reports the results
from the items from NList.

Received Recommendations (RList)

We find no significant differences for all measures between the two manipulation
groups. (See Figure 6) Further analysis shows no effect of item difficulty on the number
of completed activities. (coef. -3.4, p=.27), nor on the subjective measures (Satisfaction:
coef. -.32, p=.37; Perceieved Effort: coef. -.13, p=.64; Motivation: coef. .17, p=.68 )

Further analysis also shows no effect of the subjective measures on number of
completed activities (Satisfaction: coef. -4.2, p=.13; Perceieved Effort: coef. 1.34,
p=.72; Motivation: coef. -2.34, p=.38 ).

Finally, we find no effects of either motivation or perceived effort on satisfaction
(coef. .44, p=.13 and coef. .25, p=.56 respectively)

New Recommendations (NList)

We continue our analysis with the results from the second part of the survey, in
which participants were presented two new lists of activities; one below and one above
their received recommendations (NList). However, in contrast to the questions
regarding RList, activities were presented separately, instead of an overall list of the six
activities.

Figure 7 shows the means and significance of the difference between these for the
three subjective measures. We find a significant difference between the two different
difficulty levels with regards to satisfaction and motivation (p=0.02 and p=0.03
respectively). We find no significant effect for perceived effort (p=0.15), though the
effect is in the direction we would expect.
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Figure 6
Barplot summarizing the means of each subjective measure for both manipulation groups
for the received recommendations (RList). Significance is shown on top. Note the
reverse coding on Perceived Effort. N=11

Figure 7
Barplot summarizing the means of each subjective measure for both manipulation groups
for the newly presented recommendations (NList). Significance is shown on top. Note
the reverse coding on Perceived Effort. N=11
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Discussion

We started the current study with the aim of creating a novel method of
personalizing healthy lifestyle recommendations on the principle of Rasch analysis. We
aimed to investigate whether such an method was even feasible, as this has not been
done before in a generalized setting. We then continued with investigating the effect of
such a system and finally investigated how these recommendations should be tailored.

Reviewing the Research Question and its Sub-Questions

We found that it is in fact possible to create a Rasch scale on which a healthy
lifestyle is the unidimensional construct. Activities could be arranged on their
respective difficulties and individuals on their respective abilities. This scale can
confidently be used in order to give lifestyle recommendations. We can therefore, with
confidence, positively answer our first sub-question of "To what extent is it feasible to
create a Rasch-scale with a healthy lifestyle as the unidimensional construct?" with the
notion that this is, in fact, feasible.

To answer our second sub-question of "What is the effect of Rasch-based goal
personalization on the satisfaction, motivation and perceived effort of
recommendations?", we cannot find a direct answer from our results. This is due to the
fact that we have no baseline comparison, nor do we have a study that studied the same
measures that have been measured in the current study. Therefore, we can only
speculate on the following; on average, people seemed relatively satisfied with the
received recommendations (see Figure 3), as on a 5-point Likert scale the average
satisfaction was 3.44. Moreover, participants reported that the received
recommendations were moderately motivating (with a mean of 3.09), as well as being
perceived as moderately easy to perform (with a mean of 3.07, reverse coded). We
therefore see modest positive effects of our Rasch-based personalization on these
subjective measures, although these effects cannot be compared to a control condition.

Finally, to answer our third and final sub-question of "How should healthy
lifestyle recommendations be tailored in order to be most effective?", we first need to
determine whether our manipulation was effective. Therefore, we compare the observed
means of the three subjective measures between the two manipulation groups. We
expect that the group that received recommendations that are above their ability level
report a lower mean on perceived effort (due to reverse coding) than those receiving
"easier" recommendations and report a lower mean on satisfaction and motivation (in
line with previous studies). We find no significant effects for neither of the three
measures between the two manipulation groups on the received recommendations
(RList). However, when comparing the two additional lists of activities (NList), we find
significant effects between the two difficulties with regards to satisfaction and
motivation. These effects are in line with previous work, with both satisfaction and
motivation being higher for the activities that are easier. Although this did not
translate into a higher number of completed activities, we suppose that, similar to
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previous studies, activities that are below one’s ability are more effective in provoking
behavioral change.

Study Limitations

The model we have created in order to give activity recommendations comes
with its own limitations. One of these is that the model is constrained with respect to
the diversity and number of activities that can be recommended. The current system
only has a total of 43 activities present, which does not encompass all possible
activities. For example, one participant indicated that he/she hiked very frequently, but
was not able to indicate this in the study.

Furthermore, the use of the SamenGezond platform comes with the constraint
that this is a web application, which means that viewing and recording activities
requires active participation and awareness of the fact that these activities should be
registered (since participants are required to open the web application and register their
activity every time one is completed). An improvement on how to lower the required
effort to register an activity could be to use wearable technology to register physical
activities.

One of the main limitations of the current study is the relatively small sample
size. To effectively determine differences between the effectiveness of manipulating the
difficulty of the recommendations, power analyses show a required sample size of around
100 (see Appendix A), while the current study obtained 38 (complete) responses to the
first survey, of which only four proceeded to register at least one completed activity.
This is at least partly alleviated by the adjustments made in the final questionnaire,
since this resulted in a lower number of participants needed to show significant results,
but the number of participants required was still higher than the 11 found in Study 2b.

Finally, the study limited itself to the population of only a database of
individuals who have indicated that they are willing to participate in health-related
studies, resulting in potential biases in the data of both surveys as well as the
behavioral data from the activity period.
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Conclusion and Future Work

The current research presents a study that explored the possibility of a novel
method of healthy lifestyle recommender system and investigated the effect of tailoring
recommendations based on an individual’s current ability.

In order to achieve this, we used pre-existing behavioral data recorded over
several studies in which individuals were able to perform several activities. (543 users,
184 tasks) We used this data in order to create an initial scale on which both the
activities and the individuals could be arranged on their respective difficulty and ability.
The activities from this scale were used for conducting a survey (N=38), on which a
new scale was built. Using this scale, we conducted a two-week study in which
individuals received personal recommendations for healthy lifestyle activities they could
perform, that were either above or just below their ability (N=4). We used this data,
together with data of a survey conducted after the two-week period (N=11) to
investigate the effects of difficulty tailoring.

Our results suggest that it is possible to create a Rasch scale that can be used
for a healthy lifestyle recommender system. Our within-user results further suggest that
people find easier recommendations as more appropriate, being both more motivating
and satisfactory.

Scientific Relevance and Design Implications

The current study creates a basis on which future studies on healthy lifestyle
recommender system can build upon. It shows that such a system is feasible and can
effectively be used in order to give accurate recommendations.

Future Work and Scientific Relevance

Future studies could expand on the current study, either replicating these studies
on a larger, more diverse sample. This would increase the generalization of the results,
as the sample used in the current study is relatively homogeneous. This would
furthermore also enable more specific analyses, for example, performing studies on
whether different kinds of activities (i.e. physical, dietary etc.) require a different
approach (e.g. should physical activities be more challenging than dietary?).

Another interesting extension to the current study could be to investigate
whether extending the activities included improves effectiveness. Examples of such an
extension could be to implement social activities, such as visiting one’s grandmother, or
cognitive activities such as completing a puzzle or reading a book.

Furthermore, the current findings provides a significant improvement to the
current knowledge on goal tailoring in the domain of recommender systems. These
systems are already widely being studied in different areas such as energy-saving
behavior (Starke et al., 2020) and dietary intake (Radha et al., 2016) and the current
study extends on these studies by showing that such a system is feasible in the domain
of lifestyle interventions. Not only does it prove the feasibility of such a system, it also
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proves that it can be effectively be used in an already existing platform to (potentially)
improve its effectiveness. It furthermore is in line with and extends on the current
knowledge on the personalization of goals, suggesting that easier recommendations
result in higher satisfaction as well as a higher level of motivation for their recipients.
This knowledge can be used by applications aimed at providing their users with an
accessible method of improving their lifestyle choices.

GameBus and Rasch-based Challenge Personalization

In the literature overview, we touched upon the GameBus platform, a healthy
lifestyle-oriented platform aimed at gamifying the experience of becoming more
physically, socially and mentally fit. We also discussed a main limitation of the
principle of challenges on which GameBus is based. Namely, every participant received
the same activities and rewards. However, this results in unequal opportunities for each
participant, as not all participants are equally fit or have the same abilities.

The current study suggests that the implementation of a recommender system in
such a platform could be very beneficial. Such a system would create a tailored
experience to every user of the application, creating equal opportunities for everyone. In
the specific context of GameBus, the organizer of a challenge could set the relative
difficulty the suggested activities should have in relation to the ability of the user
instead of setting specific activities. For example, when the aim of the challenge is to
simply make everyone participate, activities could be set to a relatively "easy" level,
whereas when used in a more challenging situation (e.g. training for a fitness-related
competition), relative difficulty could be much higher than one’s ability. Users can also
indicate that they are unable to complete an activity (i.e. they cannot go for a bike ride
when they have no bike), which replaces the activity with a different one with a similar
difficulty.

This would implement a Rasch analysis that continuously updates whenever a
challenge has been completed, updating both item difficulties and user abilities with the
results of the challenge. This would ensure that 1) item difficulties will be accurately
determined and 2) user ability levels keeps being updated, accounting for improvements
(or deterioration) of one’s healthy lifestyle. Rewards for the given recommendations
could be set appropriately, rewarding the participant with more points for completing
an activity with a higher difficulty than one with a lower difficulty, thus challenging
every participant to a similar degree.
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Appendix A
Power Analysis

To determine the total sample size for the calibration of Rasch scales, an estimate has
to be made on the extent to which the estimate on the difficulty of an item has to be
accurate. As healthy lifestyle choices have not been modeled to a unidimensional Rasch
scale before, this estimate is hard to make. However, we aim to use a previous
unpublished work by Starke et al., (n.d.), in which researchers provide estimates on the
sample size relating to the required accuracy of the scale.

In order to be able to use this work for making an estimate of the required
sample size however, we need to make some assumptions on the required accuracy of fit.

Figure A1
Required sample size for Rasch scale calibration. Retrieved from Starke et al. (n.d.)

As the nature of the study is mainly exploratory and the scale is used for
recommendations, not precise measurements of attitude towards healthy activities, we
do not require highly accurate fitting of both items and users on the Rasch scale. We
therefore aim to construct and validate the scale based on an accuracy or +/- 1 logit,
meaning we are aiming for medium-stake testing. Furthermore, we assume that we can
create a medium- to well-matched scale of our unidimensional construct.

Based on these assumptions, based on literature of Linacre, 1994 and
unpublished work of Starke, we can infer that we are aiming for a required sample size
for Rasch scale calibration of about 60 participants.

The effect of difficulty on perceived effort is the most crucial factor in the power
analysis as it is our experimental manipulation. We need to be sure that the difference
in difficulty is strong enough to be perceived by the participants. In earlier work of
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Starke et al. (2017) difficulty was manipulated between -1 and +1 logit and it’s effect
on perceived feasibility was measured. This led to a large effect size of d=0.6. We aim
to have a similarly strong manipulation, and this would require about 100 participants
to be able to show this effect size with a power of 0.9

Figure A2
Preliminary power analysis done before the start of the first study

A sensitivity analysis shows that with around 150 participants we would also be
able to show effect sizes of around 0.5

For SEM different guidelines are available. Some guidelines talk about 5-10
observations per item (we have about 15 items (3 constructs x 5 questions), so 75-150
participants should be sufficient. Earlier research in our lab with similar SEM models
have shown that at least 100 participants are needed to build an adequate SEM model.
In this study we aim for 150 participants.

Concluding we aim for 150 participants which allows us to show effect sizes of
our manipulation of around 0.5, build an adequate SEM model and have sufficient data
to validate and fit a Rasch scale of sufficient precision.
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Figure A3
Structural Equation Model for the study 2b including the expected directions

Figure A4
Graph of the power analysis done before the start of the first study.
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Appendix B
Rasch Scale 1

Figure B1
All items in the Rasch model from Study 1, ordered to fit (least fitting = highest). Items
with a infit mean-square fit statistics (MNSQ) of higher than 1.4 are unproductive for
the construction of the model
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