
Repeating myWorkouts or Exploring new Activities? A
Longitudinal Micro-Randomized User Study for Physical Activity

Recommender Systems
Ine Coppens

imec - WAVES - Ghent University
Ghent, Belgium

Ine.Coppens@UGent.be

Toon De Pessemier
imec - WAVES - Ghent University

Ghent, Belgium
Toon.DePessemier@UGent.be

Luc Martens
imec - WAVES - Ghent University

Ghent, Belgium
Luc1.Martens@UGent.be

ABSTRACT
While repeating activities can create healthy habits, exploring new
physical activities is also important to increase health benefits and
prevent boredom. Following habit formation and variety-seeking
behavior theories, this study investigates the difference between
repetition and exploration of physical activities in health recom-
mender systems. An eight-week Micro-Randomized Trial is con-
ducted in which 11 physically inactive adults receive personalized
activity recommendations that are either (a) a repetition or explo-
ration, (b) connected to a specific location, duration, or neither,
and (c) accompanied by videos or Points-of-Interest, or not. Anal-
yses of the 187 submitted activity recommendations suggest that
the inactive participants prefer exploration, as exploration recom-
mendations were submitted the most, had significantly larger star
ratings and durations, and are dependent on moderators (b) and (c).
More specifically, exploration for workouts received the highest
star ratings and motivation. To our knowledge, this study is the
first to investigate repetition and exploration for physical activi-
ties, contributing to effective recommender algorithms for healthy
behavior change.

CCS CONCEPTS
• Human-centered computing → User studies; Empirical stud-
ies in ubiquitous and mobile computing; • Information systems
→ Recommender systems; Personalization; • Applied com-
puting → Psychology; Consumer health.

KEYWORDS
behavior change, physical activity, habit formation, variety-seeking,
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1 INTRODUCTION
We all repeat our preferred behaviors: relistening to our most-liked
songs, revisiting our favorite restaurants, and rebuying our go-to
foods at grocery stores. The reconsumption of these items can be
explained by the status quo bias, in which people lean towards main-
taining their current or previous decision, such as buying the same
brands or staying in the same job [31, 32]. However, reconsumption
of beloved songs [10], or other hedonic items, such as books, movies,
or places [31], is different than re-engaging in healthy behaviors for
healthy eating or physical activity (PA), because of the additional
effort and motivation they require. Depending on the complexity
of the behavior, repetition of behaviors make them more efficient
and automatic, until they develop into a habit [23].

Nonetheless, repetition can lead to satiation and boredom [2].
Instead of repeating what they already know, people also expe-
rience variety-seeking behavior, in which they prefer exploring
new items [42]. People’s decision-making to maximize enjoyment
is based on finding the balance between the satiation from repeti-
tion, and stimulation from variety [34]. To support people in their
decision-making processes, Recommender Systems (RSs) can model
user preferences and generate suggestions to explore new items
that fit with their preferences [29, p vii], and thereby help them
make decisions for healthy behavior change [18]. Although RSs
and human decision-making are closely related, most RS research
mainly focuses on the techniques and algorithms [7]. There should
be more focus on the decision-making processes of the users, and
whether this is supported by the RS [5, 7].

Incorporating variety and exploration in the PA recommenda-
tions is also important for people’s health. The World Health Or-
ganization (WHO) recommends engaging in 150-300 minutes of
moderate-intensity aerobic PA per week, and incorporating two
days of muscle-strengthening activities per week for additional
health benefits, because the different types of PA and the combina-
tion of aerobic and strength-promoting exercise provide favorable
health outcomes [35, 39]. For example, if a person normally only
engages in walking activities, even if these activities are highly
preferred by the user, higher intensity or strength activities should
be proposed as well.

As such, both repetition and exploration of PA behavior seem im-
portant for PA recommendations. There are different RS algorithms,
and each algorithm produces a different list of recommended items
[9]. For this reason, the RS developer should thoroughly decide on
which RS approach and properties to implement, as their effect on
user experience depends on the domain [29, p 570]. We argue that
the RS algorithm should be adapted to people’s decision-making
processes for repeating a habit PA or exploring a new activity [7].
However, this decision-making between repetition and exploration
has not been investigated in the domain of health RSs for PA, to
the best of our knowledge.

In this preliminary study, we investigate whether repeating or
exploring personalized PA recommendations in a mobile RS re-
sults in higher star ratings, motivation, and PA duration. The user
study follows the experimental design of a Micro-Randomized Trial
(MRT) that, similar to within-subject experiments, provides a more
informative experiment because there cannot be a biased split of
subjects into multiple groups, such as in between-subject studies
[29, p 555]. Conducting our MRT study over eight weeks, this re-
search contributes to the need of more longitudinal research to
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study the balance between repetition and variety [34], and to RS
research in the PA domain, which requires more effort and healthy
behavior change than the typical RS domains, such as video, music,
and e-commerce.

1.1 Research questions
This paper is focused on the following main research question: RQ1:
Do repetition or exploration items for PA recommendations have the
best effects on star rating feedback, momentary motivation to execute
the PA, and PA duration?, as illustrated in Figure 1. Based on the habit
formation process of Lally et al. [23], we hypothesize that repeating
PAs will increase automaticity and cause users to choose these PA
items more often because they are becoming a habit over time. We
expect this to result in higher star rating feedback, motivation, and
PA duration, because PA habits are associated with autonomous
motivation [17].

Repetition
versus

Exploration

• Perceived serendipity
• Perceived novelty
• Perceived repetition
• Perceived accuracy
• Perceived diversity
• Perceived fun

• Star rating
• Momentary 

motivation
• PA duration

Location PA / 
Workout PA / 
General PA

Video watched &
POI visited:

yes / no

MANIPULATION

PERCEPTION VARIABLES

OUTCOME VARIABLES

MODERATOR 1:

PA RECOMMENDATION TYPE

MODERATOR 2:

ADDITIONAL CONTENT

Figure 1: This conceptual framework of the study shows that
a manipulation check firstly verifies whether the manipula-
tion succeeded, followed by investigating the main effect of
RQ1 and the interaction effects of RQ2 and RQ3.

When creating the PA dataset, we noticed that PAs are more
heterogeneous in content than other RSs’ items, such as movies or
music. Some PAs can only be performed at a specific location, but
are not necessarily connected to a specific duration (e.g., bowling),
while others can be recommended with a specific duration at vari-
ous locations (e.g., a 30-minute yoga session), and others are not
attached to a location, nor duration (e.g., taking the stairs instead
of the elevator). In this way, we distinguish three main categories
of PA recommendations, as illustrated in Table 1. Following this
idea, our second research question is: RQ2: Does the effect of rep-
etition versus exploration depend on the PA recommendation type
of location, workout, or general? We hypothesize that the type of
PA recommendation will be a moderator, which is a third variable
that alters the effect of the independent variable on the outcome
variable [26], and can be observed as an interaction effect [15]. More
specifically, we expect a preference for repetition in general and
workout PAs because people can do these at any location in their
daily life, making them more likely to be adopted as a habit [23].

As depicted in Table 1, location PAs can be extended with Point-
of-Interest (POI) suggestions, andworkout PAswith YouTube videos.
As we investigate whether adding these two types of content will
moderate the main effect, we formulate our third research question:
RQ3: Does the effect of repetition versus exploration depend on whether
the PA recommendation also contains a POI location or YouTube video

link? We hypothesize that people are more motivated to explore a
new PA when a POI or video suggestion is provided because of the
additional guidance and inspiration.

To verify whether our manipulation of a repetition versus an
exploration recommendation succeeded, we implemented several
subjective manipulation checks using six additional questions as
feedback [16]: the perceived serendipity and novelty based on [29,
p 587-589], the perceived accuracy, diversity, and fun based on the
subjective metrics of [22], and our own variable perceived repetition
to check whether they already did the PA before.

2 RELATEDWORK
Previous work investigated the repetition of consumption items in
various domains, such as music relistening [10, 28, 36], POIs revis-
iting [8], and repeat consumptions in general [2]. On the contrary,
exploration of new music taste in an RS was investigated in [25].
Research in the field of RSs also investigated Next Basket Recom-
mendations (NBRs) that balance between repeat items and explore
items, such as NBRs for groceries [3, 24]. Compared to NBRs, our
user study presents both repetition and exploration items at the
same time in randomized positions in an MRT study design.

Our research is applied in the health domain for PAs, which
require more effort than listening to music or buying groceries. Sev-
eral preceding studies have confirmed the association of PA habits
and PA behavior repetition [11, 17, 38]. To generate new PA habits,
Dogangün et al. [12] implemented if-then plans to provide indi-
vidual recommendations. Arguing that most PA interventions still
adopt a “one-size-fits-all” approach, Yfantidou et al. [41] identified
strategies across population segments to facilitate personalization.
Other studies have integrated personalization in PA interventions
with contextualization [21], using personalized gamified feedback
[33], by matching with personality traits for improved well-being
[19], or by finding similar profiles among hypertensive patients
using collaborative filtering to find suitable PAs that helped control
blood pressure for those profiles [13]. In our study, PA recommen-
dations are personalized with a content-based RS algorithm and an
adaptation algorithm to users’ context and current PA level.

Other MRT studies in the health domain found that a gamified
team competition intervention (vs. no competition) significantly
increases daily PA [37], that automatic tailoring of conversation
topics (vs. users choosing their own topic) in a virtual health coach
leads to equal user engagement [4], and that delivering an activity
suggestion (vs. no suggestion) increases step count [21]. In our
MRT, three levels of randomization are applied: (a) repetition vs.
exploration, (b) location PA vs. general PA vs. workout PA, and (c)
showing a POI/YouTube link vs. not showing it.

3 METHODS
To present the PA recommendations to the user, an Android smart-
phone app was developed, as illustrated in Figure 2(a). The RS
algorithm uses a PA dataset, based on the Compendium of Physical
Activities [1], which was extended with the PA recommendation
type, as each item in the dataset belongs to exactly one type, fol-
lowing our idea in Table 1. Additionally, the location PA items were
manually assigned with a Google Maps POI search query, and the
workout PA items with a YouTube video query. Lastly, 24 binary
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Table 1: Three types of PA recommendations can be distinguished, depending on whether they require a specific location to
which a Point-of-Interest (POI) can be connected, a specific duration to which a YouTube video can be linked, or neither.

PA recommendation type fixed duration fixed location additional content example
location PA X POI a swimming pool
workout PA X YouTube video a 10-minute ab workout
general PA nothing stand up during phone calls

attributes were manually assigned to each PA item to describe their
content for the content-based RS, such as aerobic, flexibility, balance,
indoors/outdoors, and alone/with buddy.

This content-based RS algorithm is applied to generate personal-
ized PA suggestions by matching the attributes of the user’s previ-
ous PA consumption (i.e., the user profile) with the attributes of the
items from the PA dataset [29, p 251]. By requesting the user’s star
rating feedback and whether the PA was executed indoors/outdoors
and alone/with a buddy (Figure 2(b)), the RS can model the user’s
preferences and link this to similar items using the cosine similarity
in subsequent PA recommendations [29, p 256]. The recommenda-
tions are also adjusted to the user’s context and profile (e.g., the
current weather, mood, remaining daylight, and available material),
adapted the user’s current PA level, and gradually increasing in
duration following theWHO recommendations for increased health
benefits [39].

At every refresh time, the RS generates six PA recommenda-
tions, one for each of the six combinations of the 2 (RQ1: repeti-
tion/exploration) x 3 (RQ2: location/workout/general) randomiza-
tions. Repetition items are created by calculating content-based
recommendations only on the items that the user already submitted
in the eight-week study, while exploration items are calculated only
on PAs that were never submitted before by the user. As shown in
an example randomization in Figure 2(a), this random assignment
of the recommendations’ position is our implementation of the
MRT study design. It is micro-randomized for every participant for
every delivery time [40], while providing all six possibilities at any
time, and eliminating the effect of position bias in the list. For RQ3,
the MRT is implemented by randomly toggling the video button
(for workout PAs) or the POI button (for location PAs) on or off, as
shown at the top of the screen in Figure 2(a). The video link is cre-
ated by appending the suggested personalized duration to its query
from our PA dataset (e.g., “home exercises 5 minutes”), while the
POI link is only its query (e.g., “library”). When a user clicks on the
video or POI button, YouTube or Google Maps opens respectively
with the corresponding search query, providing multiple workout
videos and POIs nearby. Out of these, the user can select their own
choice.

The target group of our real-life user study are healthy adults
who have less than 150 minutes of moderate-to-vigorous-intensity
PA per week, and were recruited via the Sona platform of Ghent
University and Facebook groups for paid studies in Ghent. They
install the Android app on their own smartphone, after which their
eligibility in the study is checked by providing their age, their ini-
tial weekly amount of moderate-to-vigorous PA with the European
Health Interview Survey - Physical Activity Questionnaire (EHIS-
PAQ) [14], and their health and fitness assessment with the Revised
Physical Activity Readiness Questionnaire [6]. If eligible, they use

the app for eight weeks in their daily life for a maximum incentive
of 30 EUR. They are informed that their incentive amount is not
dependent on how many PA recommendations they engage in, but
on all interactions with the app, such as submitting their own PAs
or reasons why now is not a good time for PA (the buttons at the
bottom of Figure 2(a)). Instead, they are rewarded with stars con-
nected to every PA, depending on its effort and duration (at the top
of Figure 2(a)). The study received ethical approval from the Ethical
Committee of the Faculty of Psychology and Educational Sciences
of Ghent University (https://www.ugent.be/pp/en/research/ec) on
August 22, 2023 (reference number: 2023-061A).

Statistical analyses are conducted using Generalized Estimating
Equations (GEEs) in SPSS Statistics v. 29 with the user ID as sub-
ject variable, an unstructured working correlation matrix [27], and
effect sizes using Cramer’s V [20]. The GEEs’ results are reported
with their Estimated Marginal Means (EMMs), and the statistically
significant interaction effects with corresponding interaction plots
[15]. The outcome metrics are requested in a feedback screen when
submitting a recommended item: star rating feedback (measured
with five stars, as shown in Figure 2(b)), the eventual duration of
the PA (shown at the bottom of Figure 2(c)), the momentary moti-
vation for the PA (measured on a 4-point Likert scale in a separate
screen shown after the feedback screens), and the six perception
questions of the manipulation check (also with 4-point Likert scales,
as depicted in Figures 2(b) and 2(c)).

4 RESULTS AND DISCUSSION
22 participants installed the app (100% in the age group of 18 - 44
years), of which 11 finished the whole eight-week study (initial
weekly moderate-to-vigorous PA minutes measured with EHIS-
PAQ [14]: M = 54.0, SD = 55.9, min = 0, max = 150). In total, those
11 participants submitted 187 PAs that were recommended to them
(amount of submitted recommendations:M = 17.0, SD = 13.8, min =
1,max = 52). As the amount of submits greatly vary between partic-
ipants, there is a possibility that few participants highly influence
the results, but the GEEmodel takes into account these independent
clusters (i.e., the participants) of dependent observations (i.e., their
submits) [27]. An overview of the amount of submits, distinguished
between repetition versus exploration, and PA recommendation
type, is presented in Figure 3(a). This bar chart shows that PAs at
a location were submitted the least, which could be explained by
the higher effort to go to the location (e.g., a park). Because general
PAs (e.g., a stand-up meeting) are generally lower in intensity than
workouts (e.g., a dance workout), their overall lower effort could
explain why general PAs were chosen the most.

Manipulation checks: Six separate GEE analyses were con-
ducted on the manipulation check variables, of which the test re-
sults and EMMs are provided in Figure 3(b). Perceived serendipity,
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Location PA

Location PA

General PA
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Workout PA
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Exploration

Exploration

Repetition
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Repetition

Google Maps POI 

link button on/off

YouTube video 

link button on/off

(a) (b) (c)

Figure 2: In the main screen of the app, three types of randomizations can be distinguished, corresponding to each of the
research questions (a). When a user wants to submit a PA recommendation item, feedback on the location, company, POI
visit/video watching, star rating, manipulation check variables, and eventual duration are requested in a feedback screen (b
and c).

location workout general
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Figure 3: Of the 187 submitted PA recommendations, general PAs were submitted the most, followed by workout PAs, for
which the the exploration variant was chosen more than twice as much (a). The GEEs’ EMMs, 𝜒2 results, p-values, and Cramer’s
V of the manipulation check variables show that the manipulation succeeded as the participants perceived the repetition
recommendations as significantly more repeating, and the exploration items as significantly more surprising, new, accurate,
and diverse (b).

novelty, and diversity are significantly higher for exploration items,
suggesting that users perceived the items as more surprising, new,
and diverse, respectively, which was expected because these had
not been recommended before. The participants also perceived the
repetition items as significantly more repeating. This confirms that
our manipulation succeeded and people actually repeated those
PAs. Perceived accuracy was significantly higher for the exploration

items, which suggests that participants found that these items fit
better with their preferences. We did not find a statistically signifi-
cant difference for perceived fun, which could be explained because
people are more likely to choose fun items anyway, regardless of
their type.

RQ1: The GEE resulted in a significant main effect on star rating
(𝜒2(1, N=187) = 8.746, p = .003, Cramer’s V = .22), indicating that
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participants rated the exploration items (EMM = 4.49 on five stars)
higher than the repetition items (EMM = 4.19 on five stars). Addi-
tionally, PA duration was significantly higher for exploration items
(EMM = 19.87 minutes) compared to repetition items (EMM = 11.90
minutes) (𝜒2(1, N=187) = 4.042, p = .044, Cramer’s V = .15). As our
target group are people who initially did not attain the 150-minute
weekly minimum, and because they submitted more exploration
items and rated them higher on star rating and perceived accuracy,
our results suggest that exploring new PAs might be preferred by
physically inactive people. However, we did not find a significant
main effect on motivation (𝜒2(1, N=187) = 2.257, p > .05, Cramer’s
V = .11), which is not consistent with Hawlader et al. [17] who
found that autonomous motivation is associated with PA habits.

RQ2: Conducting the GEE with PA recommendation type as
moderator, results in a significant interaction effect on star rating
feedback (𝜒2(2,N=187) = 10.417, p = .005, Cramer’sV = .17), which is
illustrated in Figure 4(a). Together with the higher submit amount,
these results suggest that inactive people prefer exploration for
workouts. This does not support our hypothesis and could be ex-
plained by people’s variety-seeking behavior: workouts, which are
at higher intensities, require more user effort, and repeating them
can lead to boredom [2, 42]. However, we do not know for certain
that an exploration item is fully new to the user, as we only know
that this item was new during the study. There is also a significant
interaction effect on momentary motivation (𝜒2(2, N=187) = 31.075,
p < .001, Cramer’s V = .29). On average, people were more moti-
vated for repetition of location PAs and exploration of workouts,
as depicted in Figure 4(b). The lower motivation for repetition of
workouts can be explained because health interventions that en-
courage repetition can activate the healthy choice without requiring
willpower [30], suggesting that motivation for the workout can be
low to be chosen and executed, once it became an automated habit.
Another significant interaction effect was found on PA duration
(𝜒2(2, N=187) = 6.011, p = .05, Cramer’s V = .13) and is depicted
in Figure 4(c). This line graph shows that repetition of location
PAs resulted in longer durations. However, the amount of location
PA submits is limited, thwarting reliable analyses. Lastly, there are
limited differences for the general PAs across all three outcome
variables. This could be explained because our general PAs require
the least effort (no fixed duration or location, and lower intensities),
resulting in equal preferences to explore or repeat them.

RQ3: For the submitted workout PAs (N=51), there is a signifi-
cant interaction effect of the added YouTube video on star rating
(𝜒2(1, N=51) = 4.139, p = .042, Cramer’s V = .28) illustrated in Figure
4(d), and on PA duration (𝜒2(1, N=51) = 8.574, p = .003, Cramer’s V
= .41) in Figure 4(e). These results suggest that adding a video with
instructions can increase the star rating for exploring new work-
outs, but increases repetition workouts’ duration more. This might
indicate that people could prefer exploration of new workouts at
first with a short duration, but are motivated to repeat the same
one with longer durations once they found a suitable one. We did
not find a significant interaction effect on motivation (𝜒2(1, N=51)
= 3.471, p > .05, Cramer’s V = .26). As no participants indicated to
have visited a POI for the location PAs, which could be explained
because only few location PAs were submitted (N=20) and because
the POI button was only toggled on ±50% of the time in the MRT
design, no analyses can be conducted for this moderator.

5 CONCLUSION AND FUTUREWORK
Situated in habit formation and variety-seeking behavior theories,
this study investigates whether repeating or exploring PAs is pre-
ferred in an RS that personalizes PAs. We defined a distinction
between three types of PA recommendations because they differ
in whether their duration or location is fixed, resulting in the pos-
sible addition of a video or POI. Following the WHO guidelines
[39] on PA duration for health benefits, an eight-week user study
with 11 physically inactive participants (<150 minutes PA/week)
investigates their star rating feedback, motivation, and PA duration.

The manipulation check confirmed that repetition recommen-
dations were perceived as significantly more repeating, and ex-
ploration items as significantly more surprising, new, diverse, and
accurate. Our results suggest that physically inactive adults prefer
exploration of PAs, as these were submitted the most and resulted
in significantly higher star ratings and durations. The results also
show that the three outcome variables depend on the moderators.
More specifically, exploring workouts had higher motivation and
star ratings, which might be boosted by adding a YouTube video.

Due to small sample size, there is limited data about location
PAs and the addition of videos and POIs. A larger participant pool
will be recruited in a subsequent study to further investigate these
additions. As continuously recommending new PA items is not
possible once all items have been suggested, future work should also
investigate the long-term feasibility of PA exploration with longer
user studies. We also suggest to integrate the level of habit strength
and behavior automaticity. In this way, an RS can define themoment
at which a newly explored activity turns into a habit, and suggest
increasingly longer PA durations for repeating workouts. Future
researchers could also integrate a metric that defines a personalized
balance between repetition and exploration, which can adapt the
algorithm’s settings and user model to generate the most optimal
health behavior for that user’s current automaticity and preferences.
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