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Our research investigated whether music can communicate physical activity levels in daily life. Past studies have shown
that simple musical tunes can provide wellness information, but no study has examined whether musical feedback can affect
daily behavior or lead to healthier habits. We conducted a within-subject study with 62 participants over a period of 76
days, providing either musical or text-based feedback on their daily physical activity. The music was built and personalized
based on participants’ step counts and baseline wellness perceptions. Results showed that participants were marginally more
active during the music feedback compared to their baseline period, and significantly more active compared to the text-based
feedback (p = 0.000). We also find that the participant’s average activity may influence the musical features they find most
inspiration within a song. Finally, context influenced how musical feedback was interpreted, and specific musical features
correlated with higher activity levels regardless of baseline perceptions. We discuss lessons learned for designing music-based
feedback systems for health communication.
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1 INTRODUCTION

Personalized wellness technology aims to create distinctive yet individualized and efficient means of conveying
wellness-related information. Various approaches offer insights into wellness using tangible mediums, such as
illuminating elements [41], adaptive textiles [8], or garments that change colors [24]. Conversely, alternative
methods harness existing user devices to present wellness data through ambient displays [12, 13, 19, 35, 37, 43],
or gamification techniques [2, 20, 27, 57, 62], all geared towards promoting healthier lifestyles. It is important to
note that, although these delivery methods have proven effective, they predominantly rely on the user’s visual
perception.

Research has shown that music has the potential to enhance user wellness significantly. Music therapy is
a widely accepted approach for addressing complex psychological conditions like depression and anxiety and
alleviating symptoms of challenging diseases such as Parkinson’s disease, multiple sclerosis, and even cancer [46].
In addition to traditional music therapy, scientists have leveraged sonification technology to translate real-time
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data into auditory cues. Sonification converts data into acoustic signals and has been used in various well-
being contexts such as enhancing mindfulness [56] and alleviating pain in therapeutic settings [47]. Broader
acoustic signals are frequently used to alter behavior, such as an alarm clock waking a user up. However, these
interventions are typically designed for immediate relief and rely on real-time, relatively straightforward data.
Nevertheless, given the success of previous wellness interventions, the effectiveness of music therapy, and the
promising field of sonification, it is plausible that we can promote healthier lifestyles by conveying wellness
information through music.

A recent survey-based investigation demonstrated that people can discern feelings of wellness through
simple musical melodies [9]. In this study, participants assessed the perceived healthiness of customized musical
compositions. Although this research offers compelling evidence regarding music’s ability to convey information
about wellbeing, there remains a need to explore how music could serve as a feedback mechanism for individuals
to gauge their personal health status based on daily behavioral data.

In this paper, we take the first step toward this goal by exploring the feasibility of using musical feedback to
convey one’s daily physical activity status. We define musical feedback as the incorporation of an individual’s
data into a song. We conducted a 76-day within-subject study wherein participants were tasked to share their
Fitbit data and fill out daily surveys that offered musical or textual feedback on their daily step count. Our system
created tailored models based on each participant’s initial perception of musical wellness, infusing wellness
indicators within musical tunes to help participants evaluate their level of physical activity. We evaluate the step
count recorded for each participant after getting their daily feedback and measure how their interpretation of
the musical feedback aligns with the intended message. Additionally, we provide a qualitative assessment of
participants’ insights on receiving feedback through music. This paper’s primary contribution lies in analyzing
the effectiveness and challenges of using music as a feedback tool for daily physical activity.

Our analysis follows HCI guidelines for evaluating emerging behavior change strategies, focusing on under-
standing how the approach works in practice rather than solely demonstrating efficacy [31]. Based on our findings,
musical feedback systems can promote physical activity, especially compared to text-based approaches. While
personalization helps to communicate, basic musical models have the capacity to convey wellness information
effectively, thus reducing the necessity for excessive customization. In these systems, as users become more
familiar with musical feedback, their understanding and interpretation of the melodies will likely be refined. Yet,
this learning period can potentially be reduced if systems are be mindful of how a user’s current context might
influence their interpretation of the music. Finally, future systems must consider the pervasiveness of music,
and ensure the feedback is delivered in helpful and private ways. These insights suggest ways to enhance future
musical feedback systems, making them more effective tools in behavior change technology.

2 RELATED WORK

In this work, we often use the terms "wellness" and "physical activity" interchangeably, but we recognize that
they are two distinct concepts that are related. The term "wellness" is used in reference to previous literature [9],
where the music models were created based on participants’ perceptions of musical wellness. However, when
real-world behavioral data is involved in music or equations, we use the term "physical activity" to make it clear
that our study focuses on wellness in that context.

2.1 Wellness Technology

Technology can serve as a highly effective tool for encouraging healthier behaviors in users. These interventions
can vary in complexity, with some systems deploy straightforward communication methods, such as sending
text reminders [11], which are effective in addressing various health-related issues. Text reminders have helped
participants with weight loss through constantly supplying information and promoting self-monitoring [50].
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These reminders have also been used to provide distractions, support, and information about smoking, helping
more participants to quit after 6 weeks of intervention [54]. Text systems have helped participants to better
manage their diabetes, by promoting communication between patients and physicians [7]. Information sent
via texts as infrequent as once a week has also helped participants to better control their asthma [49]. Some
text-based reminders attempt to enhance engagement by incorporating elements like jokes and emojis [10]. Text
feedback has been further developed, creating agents to actively engage users in a dialogue about their wellbeing.
Reflection Companion [32] sent users prompts and follow-up questions encouraging users to reflect on their
behavior. The study found this reflection encouraged users to remain engaged in the system, and them feel more
motivated and empowered to be active. Other systems take a similarly straightforward approach of providing
direct recommendations to encourage healthier behavior. MyBehavior [53] provided users with personalized
physical activity and dietary recommendations. While receiving these recommendations, the studies found
participants spent significantly more time walking. Although many of these systems offer simple reminders and
recommendations, they have proven effective in altering behavior, even after the novelty has worn off [45].

Indirect intervention and persuasion strategies have also been developed to encourage healthier behavior.
Gamificationseeks to enhance compliance by transforming behavior change into an engaging game [51]. Through
gamification, these approaches seek to make behavior change enjoyable and something users eagerly anticipate,
thus increasing the likelihood of sustaining the desired behavior modifications. Gamified approaches have also
explored ways to promote healthier behaviors across various domains, including physical activity, dietary habits,
personal hygiene, hand washing, and managing chronic illness [51]. One notable example of a gamified wellness
application is Pokémon Go [2, 29], estimated to have added 144 billion steps to the United States over a single
month [2]. Previous work has investigated gamified approaches specifically for children, taking characters from
animated children’s movies and altering the avatar’s actions based on the child’s detected activity level [57].
Other gamified approaches harness the power of competition among users, encouraging participants to vie
with each other, allowing this competitive element to drive individuals toward healthier behaviors [27]. While
participants report enjoying competing with one another through simple comparisons such as leaderboards [3],
competition is most effective if participants compete with similar users [20] indicating even simple competitions
benefit from a level of underlying personalization.

On the other hand, ambient displays promote healthier behavior by incorporating health data into metaphors
that reward users for making healthier choices. These ambient displays have creatively portrayed health infor-
mation in various ways, such as transforming phone home screens into flourishing gardens [12, 13], simulating
aquatic ecosystems [35, 37], and utilizing text bubbles [19]. More recently, studies explored ambient displays
that expand beyond one simple scene to tell a story. One such narrative-based ambient display is WholsZuki
[42, 43], which visually tells a story of a cute alien adventuring to find his brother. The story progresses as users
meet their physical activity goals, encouraging physical activity so participants can learn what happens to the
characters. Other narrative-based approaches integrate real-world stories. StoryMap [55] allows families to post
their own physical-activity-related stories, and read the stories posted by other users. While not perfectly an
ambient display due to their textual nature, the results indicated these stories cause users to reflect on their own
experiences, driving a sense of community that encourages users to be more active. In all, these ambient displays
and narrative-based feedback systems show creative communication of wellness information allow the data to be
more interesting, and possibly even foster emotional connections to the message.

In addition to these digital representations, tangible ambient displays have been developed, including lights and
color-changing clothing to encourage breaks for physical activity [24, 41] and shape-changing fabric to symbolize
breathing patterns [8]. In a multi-week long study, 3D printed artifacts have even been used to communicate
physical activity data [30]. Users were presented with 5 printable objects ranging from a graph of their daily
heart rate to a frog which changes size as the users are more active. The 3D printed artifacts served as useful
conversation starters around the participant’s activity, and even sparked a competition between participants
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to create the largest frog. Employing these metaphors allows technology to seamlessly blend into the user’s
environment, offering constant information that promotes healthier lifestyles.

2.2  Music & Sonification for Wellness

The methods mentioned earlier primarily rely users’ visual perception. While vision is the most common mode
for conveying health information, sounds and music have also demonstrated their effectiveness in communicating
information and influencing behavior. The utilization of music and sonification in healthcare often leverages
music’s capacity to stimulate various brain functions, including cognitive and emotional processing [33]. This can
be particularly beneficial for users, potentially offering advantages beyond traditional therapeutic approaches.
However, nearly all existing health data sonification techniques are geared towards providing real-time feedback
on immediate stimuli, while our approach constructs musical models of an individual’s healthy behavior that can
be played at a later time without relying on sonifying data in real time.

Research into sonification for wellness has been used to inspire users. Studies have investigated using musical
scales, comprised of ascending and descending notes, to enhance confidence during physical therapy [59]. They
have also utilized repeated recordings of waves and birds for mindfulness during meditation [56], ambient noise
for mindfulness during walking [6], and sounds like wind, gears, and beeps to foster a sense of agency during
exercise [36]. Music’s ability to influence users’ mental state is also evident in the effectiveness of music therapy,
a field that employs music for patients’ needs, through listening, performing, and composing [46]. Music therapy
has demonstrated effectiveness in the treatment and mitigation of several diseases. Reviews of music therapy
research found listening to music can help reduce anxiety regardless of context [60], individuals with autism
spectrum disorder use music to overcome social barriers by better communicating their thoughts and feelings
[21], and depression as a supplement to traditional treatment [40], among other challenging health concerns.
Given these applications and its success in complex treatments, it is notable that sonification’s applications have
remained relatively limited.

Indeed, sonification’s applications in promoting wellbeing often revolve around representing real-time phys-
iological changes. In the context of physical therapy, these changes frequently emanate from muscle or body
movements during rehabilitation [22, 48]. These types of sonification can communicate data through different
ways, including deviating from the expected conclusion of a song representing the squats a participant is doing
[47] or changing the music tempo while the participant is walking and lifting objects [23]. Studies have also
sonified physiological signals, such as EEG [26, 52], pulse [28], and respiration [61]. These studies use synthesized
and symphonic music, which effectively engages users despite the inherent complexity of translating muscle
movements and internal physiological cues into auditory experiences.

It is somewhat surprising, given music’s proven ability to encourage both physical movement and improved
internal physiological states, that sonification has not been extensively explored as a means to promote everyday
physical wellbeing. One possible explanation for this limited exploration could be the abstract nature of physical
wellness compared to the concrete aspects of muscle movements and physiological signals. However, a recent
study has demonstrated that individuals can interpret wellness information conveyed through simple musical
melodies [9], albeit without conducting real-world testing of these melodies:the central focus of our current work.

3 STUDY DESIGN

To explore the feasibility of communicating wellness data through music, we conducted a 76-day within-subject
study, during which participants received one month of musical feedback followed by one month of textual
feedback on their activity levels or vice versa. Subsequently, we analyzed participants’ behavior using data from
Fitbit activity trackers and self-reported surveys to assess the effectiveness, shortcomings, and potential avenues
for improvement in the practical application of musical feedback.
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3.1 Study Procedure

Participants were recruited through email and word of mouth. All participants attended a 1.5-hour onboarding
meeting with the research team upon enrollment. During this session, they received detailed information about
the study, completed the music modeling surveys, and were provided with a Fitbit Sense device. All Fitbits were
linked to an account managed by the research lab, ensuring anonymous data access. Following the onboarding
process, participants were requested to submit a week’s worth of Fitbit data without receiving any feedback.
This initial data collection week established a baseline for each participant, supplying the essential background
data necessary for the operation of our activity level calculation. Participants were given a two-week window to
provide this data, allowing for potential technical issues and the adaptation period required for syncing their
Fitbit devices. Failure to comply within this timeframe resulted in removal from the study.

After completing the initial onboarding period, participants received two months of feedback on their activity
levels. In a randomly chosen order, the feedback was provided to them through 31 consecutive days of surveys.
These surveys presented either a musical or textual representation of their activity level. Our approach for
embedding activity level data into the music is explained in the following subsection (3.2).

Textual feedback was chosen as our control condition due to its ease of use and role as a foil to our experimental
music condition. Feedback delivered by text is very clear, presenting one message with little to no interpretation.
It is also widely used, with a literature review of mHealth behavior change techniques reporting that 47% of
reviewed systems provide feedback through SMS or email [14]. Other systems for promoting physical activity
are slightly less interpretable, such as ambient displays conveying information through metaphors. While less
direct than blatantly stating the wellness information, users can still verify their impression by visually analyzing
the display. Musical feedback, however, is even less interpretable than ambient displays. The musical feedback
was intended to deliver an emotional message about the users’ level of physical activity. The musical feedback is
then intended to encourage the user to reflect on why their physical activity made the music feel a certain way;,
ideally creating a sense of intrinsic motivation. Thus, text was used as a baseline because it is simple for users to
understand, and its blunt and direct nature contrasts with the music.

The feedback surveys were delivered to participants daily at 6 p.m. local time through email and were hosted on
the Qualtrics platform. Within each daily survey, participants were first asked to assess their valence and arousal
using a 5-point Likert scale, which aimed to gauge their emotional state. Following this, they received information
about their physical activity level. In the case of the music surveys, participants were prompted to identify which
activity level they believed the accompanying song correlated with, while in the textual representation surveys,
participants were simply informed of their activity level. Upon receiving and completing 62 days of these daily
surveys, participants were invited to participate in a final survey. This concluding survey asked participants to
reflect on their overall experience and share their thoughts, opinions, and insights gained throughout the study.

3.2  Music Generation

To explore music as a method to communicate wellness status, we developed a procedure to convert a participant’s
data into music. Our approach consists of two primary steps. First, we generate personalized music models for
individual users according to their perceived wellness of musical melodies at baseline, allowing the system to
convey five distinct wellness levels. Then, we collect Fitbit data from users and apply an activity-evaluation
algorithm to convert their steps into one of these five physical activity levels. The resulting physical activity level
is then translated into music and emailed to the participants. This approach is visually illustrated in figure 1 and
further explained in the subsequent sections.

3.2.1  Music Model Generation. The initial step in our approach involves creating music models for which we
adopt a modified procedure as outlined in [9]. In this approach, a song is generated using Bach CoCoCo [38],
and musical features are adjusted to communicate wellness levels. The adjusted musical features include tempo
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Fig. 1. Our approach to converting physiological data into sonified wellness information requires modeling participant’s
perceptions of wellness in music, and converting physiological data into physical activity levels. Creating the musical models
follows the approach outlined in [9], where participants listen to music with altered features, and state how ‘well’ they sound.
This is used to generate models for 5 distinct physical activity levels. We then collect Fitbit step data from participants, and
score it to one of 5 physical activity levels. The assigned physical activity level is then converted to music, and sent to the
participant.

(speed), pitch (note frequency), dynamic (volume), smoothness (interval between notes), and key (note variations).
Musical and real-world explanations of each musical feature are provided in table 1. To generate the musical
models, participants complete two surveys. In both surveys, participants listen to the same song repeatedly, with
each iteration altering a single musical feature. In the initial survey, participants indicate their preferences for
each musical feature concerning whether it sounds healthy or unhealthy to them (e.g., very fast tempo sounding
healthy). In the second survey, participants can listen to all 32 combinations of these healthy and unhealthy
features from the first survey and specify which combinations the model should employ to convey each of the
five wellness levels.

3.2.2 Activity Level Calculation. The next step in our approach involves establishing a means to transform
behavioral data into a corresponding physical activity level. We use Fitbit Senses [16] to gather data from our
participants. Our algorithm and study are designed around participants’ step data, specifically focusing on healthy
daily and hourly step count thresholds recommended by literature and also calculated from an individual’s
historical data. The combination provides four numeric scores each ranging from 0 to 25 which are subsequently
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Table 1. Musical feature values explained in musical and scientific terms. Tempo indicates the speed of the song, which
we measure in beats per minute (BPM). Pitch denotes range of frequencies the song is in, and can be measured in hertz.
Dynamics indicates the volume of the music. Key is a highly musical concept, which changes a few notes by a half-step.
Smoothness denotes the amount of space between notes, and can be quantified as the duration of a note (in seconds). Table
adapted from [9] with permission.

Feature Value Scientific Measurement Musical Notation

Tempo
Very Slow 40 BPM Eighth Note = 80
Slow 60 BPM Dotted Eighth Note = 80
Moderately Slow 80 BPM Quarter Note = 80
Moderately Fast 120 BPM Dotted Quarter Note = 80
Fast 160 BPM Half Note = 80
Very Fast 240 BPM Dotted Half Note = 80
Pitch
Very Low 65.41 - 123.47 Hz C2
Low 130.81 - 146.94 Hz C3
High 261.62 - 493.88 Hz C4
Very High 523.25 - 987.77 Hz (6)
Dynamics
Quiet 63.4 dB Pianissimo
Middle 71.5 dB Mezzo-Forte
Loud 85.5 dB Fortissimo
Key
Major 329.63, 440.00, & 493.88 Hz C Major
Minor 311.13, 415.30 & 466.16 Hz  C Minor
Smoothness
Staccato 1.11 seconds Staccato
Legato 2.22 seconds Not Staccato

aggregated to generate a unified score between 0 and 100. Once designed, we needed to convert our 0-100 activity
score to a 1-5 scale for the 5 musical wellness levels. To make the algorithm more accurate than just linearly
mapping scores, we decided to base this conversion on the distribution of previously collected step data. During
the previous academic year, we collected naturalistic Fitbit data from 158 college students, and used our algorithm
to calculate 13,667 distinct activity scores. We then computed the quartiles of these scores, to serve as the bounds
for each of the five physical activity levels.

The initial segment of our algorithm compared a participant’s daily step count to the recommendations
provided by the CDC [1]. A score of 0 was assigned if the participant took fewer than 4,000 steps, while a total of
25 points were granted for exceeding 8,000 steps. For step counts falling between 4,000 and 8,000, a proportional
score between 0 and 25 was assigned.

The subsequent phase of our algorithm allotted points to participants based on the timing of their steps.
Existing research suggests that intermittent walking breaks have favorable effects on both mental and physical
health [4, 5]. However, the literature offers limited guidance regarding the optimal timing and duration of these
breaks. We patterned this portion of the algorithm after Fitbit’s recommendation, which suggests taking 250
steps for 9 hours during the day [17]. Participants earned 2.77 points (calculated as 25 divided by 9) for each hour
they achieved this goal, up to a maximum of 25 points.
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Fig. 2. Our study and approach to quantitative analysis. Participants began by completing onboarding surveys to generate
their musical models. They then proceeded to wear a provided Fitbit for upwards of 76 days and complete daily surveys
containing feedback on their physical activity. For analysis, we first seek to identify the relationships between music and
physical activity. This analysis seeks to identify whether participants were more active after hearing their melodies, what
musical features had the largest impact on activity, and whether baseline activity levels influenced what made music seem
healthy. We then analyze how the melodies were interpreted. We analyze how frequently participants interpreted music to
be the same physical activity level as the model intended to portray and identify contextual factors that influence these
interpretations.

The third component of the algorithm rewarded participants for surpassing their usual daily step counts. It
computed the average and standard deviation of their daily step counts over the past week. Participants received
0 points for falling one standard deviation below the average and a full 25 points for exceeding it.

The final component of our algorithm analyzed the timing of participants’ steps, promoting consistent schedules
that have been linked to improved stress levels [25] and depression [34, 44]. We evaluated each day using a
sliding window of hourly segments, calculating the standard deviation for each hour of the day over the past
week. Participants were awarded points for hours with a standard deviation under 500 steps, indicating adherence
to a consistent physical activity schedule.

3.3 Participants

We enrolled 62 students from an American university for our research. Among them, 31 participants identified as
female, 30 as male, and 1 as non-binary or third gender. The participants’ average age was 22.7 years (o = 3.8
years). Nearly all participants completed the study, with only three exceptions. One participant failed to meet the
initial compliance criteria and was consequently excluded, while two participants withdrew during the study -
one due to illness and the other for undisclosed reasons. As compensation, participants were allowed to retain
their Fitbit devices or receive compensation up to $77. Our study was approved by the university’s institutional
review board.

4 ANALYSIS AND FINDINGS

The 61 participants who passed the compliance period completed 3,441 surveys during the study, including 1,728
music and 1,713 textual surveys. On average, each participant completed approximately 56.41 (o = 10.23) surveys,
out of which 28.33 (o = 5.84) were music surveys, and 28.08 (o = 5.90) were textual surveys. We concentrate on
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quantitative data and qualitative participant feedback to conduct our analysis. Our quantitative analysis, shown
in figure 2, primarily centers on daily step counts recorded by participants’ Fitbits and their interpretations of the
music in relation to the intended message. Unless stated otherwise, we use linear mixed models from python’s
statsmodels package [58] for our statistical analysis. Linear mixed models were chosen because most tests include
multiple data samples per participant, violating the random sample assumption of most common statistical tests.
All linear mixed models in our analysis account for per-participant differences. On the qualitative front, we delve
into participants’ responses gathered through our final reflection survey. The analysis provides insight into how
participants perceived the approach of conveying wellness information through music.

4.1 Physical Activity and Music

Participants averaged 8,700 (o = 3, 635.74) steps a day during the baseline period, 8,704 (¢ = 3,376.85) steps
after completing a textual survey, and 9,260 (o = 3, 623.52) daily steps after finishing a music survey. We further
categorized participants into groups based on their physical activity level rather than evaluating the entire
population to avoid overlooking individual variations. We segmented participants into three activity-level groups
based on the CDC’s recommended daily step counts [1]. Participants averaging fewer than 4,000 steps a day
during the baseline period were classified as low activity (7 participants), those exceeding 8,000 steps were
classified as high activity (31 participants), and individuals falling between 4,000 and 8,000 steps were considered
middle activity (23 participants).

4.1.1  Participants Were Generally More Active After Musical Feedback Compared to Baseline, and Significantly
More Active Compared to Textual Feedback. We first sought to investigate how participants’ daily step counts
changed after receiving each type of feedback. The mean and standard deviation of participants’ steps are
shown in figure 3A, and table 2. As can be seen, when ignoring per-participant differences in behavior, the
average steps taken by all participants were highest under the musical condition. Looking more closely at the
groups, while the combined low- and middle-activity participants also averaged the most steps while receiving
musical feedback, the high-activity participants averaged the most under the baseline condition. Middle-activity
participants showed increased steps compared to the baseline during both conditions and the most steps during
the musical intervention. Low-activity participants took, on average, about a thousand more daily steps during
both feedback conditions than the baseline period. However, they took the most steps during the textual feedback.
As such, when analyzing the average steps participants took in each activity level group, we observed participants
were more active after hearing musical feedback.

While we observe that middle-activity participants appeared to benefit the most from the musical feedback, it
remains unclear why this group in particular would benefit the most. Intuitively, one would expect low-activity
participants to most benefit, as they can improve the most. Analyzing the differences between the groups, the
musical models for the middle-activity participants varied the intended wellness level more frequently than
the models for low and high-activity participants. In other words, changes in a middle-activity participants’
level of physical activity were more likely to be reflected by the musical models. For low-activity participants,
the music communicated the same two wellness levels (“slightly well" and “moderately well") in 71.49% of
melodies, indicating while the musical feedback did make these participants more active, the melodies were
largely consistent throughout the entire study. Meanwhile, the high-activity participants received the wellness
levels of “very well" and “extremely well" in 79.66% of melodies.These participants were already physically active
and were likely to appreciate a well-composed melody without any major changes to their daily routine. However,
the participants with moderate activity levels frequently heard melodies with different wellness levels, with
each level appearing between 16.79% and 31.03% of melodies. Because the daily routines of the moderate activity
participants were neither exceptionally healthy nor unhealthy to begin with, the changes in their daily behavior
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Fig. 3. The daily steps taken by participants during our study. The baseline was collected during the week where participants
received no feedback. Music and text contain the steps taken the day after a participant completed each type of survey. A)
The number of steps each activity group took for each condition. B) The frequency of daily step counts taken by low and
middle-activity participants during each condition.

Table 2. The average number and standard deviation of daily steps taken by each activity group during each condition in the

study.

Baseline Musical Feedback Textual Feedback
Mean Standard Deviation Mean Standard Deviation =~ Mean Standard Deviation
High Activity 11,702.88 5306.72 11,686.48 5,939.21 11,160.03 5,528.69
Middle Activity  6,657.23 2,950.89 7,415.99 3,940.29 6,929.96 4,102.71
Low Activity 3,950.41 3,216.30 4,907.41 2,930.33 5,127.54 3510.77
All 3 8,700.17 3,635.74 9,260.09 3,623.52 8,704.38 3,376.85
Low & Middle 5,945.44 3,211.96 6,786.88 3,926.16 6,440.39 4,025.55

were better highlighted in the melodies. This potentially encouraged them to become more active, as they could
hear the differences their behavior made in the music.

We also analyzed how participants’ steps varied during the different conditions when accounting for personal
differences in behavior. Using linear mixed models, we first compared each participant’s steps during the baseline
to those taken during their first feedback method. Given that participants’ activity during the second condition may
be influenced by their first month of feedback, we only compare a participant’s activity during the first condition
to their baseline steps. Although non-significant, we found participants took more steps after hearing musical
feedback than the baseline, regardless of their baseline activity level (pay = 0.091, prigh = 0.077, pmiddie = 0.309,
PLow = 0.106). Similarly, high-activity participants took more steps during the textual feedback condition than
the baseline (p = 0.811). Interestingly, however, our models indicate many participants were actually less active
after receiving textual feedback than during their baseline period (pan = 0.859, pmiddie = 0.672, prow = 0.758).
Although non-significant, these models further support our initial finding that participants were more active
while receiving musical feedback compared to their baseline activity.

Finally, we compared the two feedback types to each other. We first identified that participants were significantly
more active during the second feedback condition (p = 0.047), regardless of the order of conditions. This could
indicate that the first condition influenced the second, or, since our study was run during the spring semester,
participants were more active due to the improved weather. Due to this effect, we separated our models to
consider participants based on the feedback they received first, generating linear mixed models for just the
participants who received the music first, and another for those who received the text first. In line with the

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 8, No. 2, Article 79. Publication date: June 2024.



Changing Your Tune: Lessons for Using Music to Encourage Physical Activity « 79:11

A

D 0

40000

1
30000 X ! N

b o e o e e e e

0

Very Slow Mod. Mod. Fast Very Very Low High Very Quiet Middle Loud Major Minor Legato Stacatto
Slow Slow  Fast Fast Low High

Steps

Fig. 4. The distribution of steps participants took the day after hearing every value for each musical feature. A) Tempo
(speed) of the music. B) Pitch (frequency) of the music. C) Dynamics (volume) of the music. D) Key (exact notes) of the music.
E) Smoothness (space between notes) of the music.

aforementioned effect, participants who started with the musical feedback showed a non-significant increase
during the textual feedback (pan = 0.361, prigh = 0.861, pmiddle = 0.173, prow = 0.505), indicating they may have
marginally benefited from the textual feedback over the musical feedback. The participants who received the
textual feedback first, however, showed a significant improvement during the musical feedback (pan = 0.000,
PHigh = 0.015, priddle = 0.002, prow = 0.000). When considering that the models indicating textual feedback
worked better were non-significant while those supporting musical feedback were significant, we can conclude
that participants were generally more active during the musical feedback compared to textual.

4.1.2  Musical Features Correlate with Activity Level. Next, we wanted to determine whether the musical features
correlated with participants’ physical activity. For more information on the musical features, we refer the
reader to table 1. We began by investigating a potential relationship between a participant’s average activity
and their baseline perceptions of musical wellness. This analysis could provide insights allowing for a small
level of personalization without burdening the user to create the musical models explicitly. We collected each
participant’s well and unwell choices for each musical feature from onboarding and used ordinal regression to
analyze whether the participant’s average steps during the baseline week could indicate the participant’s choices.
We find participants’ baseline activity appears to relate to one musical feature. While more active participants
perceived faster melodies to be healthier, participants who took fewer steps during the baseline condition were
more likely to perceive slower tempos as healthier (p = 0.040). This indicates a small level of personalization
could be inferred from participant behavior, rather than explicitly their preference.

Since participants’ perceptions of musical wellness correlated to their baseline activity, we further looked into
identifying relationships between musical feature values by analyzing the number of steps participants took after
hearing melodies with the various features. The distribution of steps taken after hearing each musical feature
is shown in figure 4. Although non-significant, the models indicated potential trends. Specifically, participants
were more active after hearing faster tempos (p = 0.096), higher pitches (p = 0.547), quieter dynamics (p = 0.597),
minor keys (p = 0.747), and smoother melodies (p = 0.224). We then investigated the different activity level groups.
Interestingly, all three groups appeared to be most active after hearing a different type of feature. High-activity
participants’ steps most correlated with the song’s key (p = 0.083) and low-activity with pitch (p = 0.205).
Meanwhile, middle-activity participants significantly correlated with the song’s tempo (p = 0.027).

4.2 Interpreting the Music

We further analyze how participants interpreted the melodies’ messages built from their activity data, and how
in-the-wild contexts influenced their interpretation. Throughout this analysis, we focus on a phenomenon we
call alignment. We define alignment as the relationship between the physical activity level interpreted by the
participant compared to the activity level the model intended to communicate. If the participant interpreted
the melody to contain the same activity level the model was trying to communicate, then we consider the user
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Fig. 5. The alignment findings in our study. A) A summary of how alignment terms are defined. B) The overall proportion of
music survey responses falling into each alignment category. C) The proportion of responses falling into each type alignment
grouping for each day of the study. D) Alignment sorted by self-reported valence. E) Alignment sorted by self-reported
arousal. F) Alignment for each of the 7 songs that feedback was embedded in.

and model to be ‘aligned’ The term ‘thought better’ indicates the participant interpreted the music sounded
healthier than the model intended, while ‘thought worse’ means the opposite. Lastly, we use the terms ‘much
better’ and ‘much worse’ to indicate this misalignment was off by at least two physical activity levels. These
terms are visually summarized in figure 5A.

4.2.1  Activity Levels Encoded in Melodies Were Interpreted Worse Than Intended. We first analyzed the distribution
of survey responses across different alignment categories, as illustrated in figure 5B. Participants’ interpretations
and the model’s intended message were aligned in just 25.41% of survey responses, slightly above the chance
alignment rate of 20%. Two-thirds of responses (64.06%) interpreted the melody as conveying a lower activity
level than intended. Conversely, only 10.53% of responses reflected an interpretation of the music as better than
intended. We will delve into this negative skew in participants’ interpretations of musical feedback later as we
discuss the potential influence of our algorithm design on music melody construction.

4.2.2  Music Interpretations Became More Aligned With the Model Over Time. Given the subjective nature of
musical feedback, participants’ interpretations can evolve over time, necessitating a ‘recalibration’ of the musical
models. To assess this temporal evolution, we tracked the distribution of musical survey responses across
alignment categories for each study day, as illustrated in Figure 5C. Using linear regression, we examined changes
in the proportion of responses for each of the five alignment categories. Our analysis reveals that, as the study
progressed, participants became more inclined to interpret the music as better than the model intended (f = 0.001,
p = 0.014), while their likelihood of perceiving the music as much worse than intended decreased (f = —0.002,
p < 0.001). In contrast, the remaining three alignment categories exhibited no significant changes over time

(PAligned =0.105, PMuch Better = 0.688, PWorse = 0-752)'
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4.2.3  Mood Effects How the Music is Interpreted. We next investigated how participants’ emotional state affected
how they interpreted the melodies. We analyzed the alignment between participants’ activity interpretation of
melodies and the model’s intended activity level while considering participants’ self-reported valence and arousal
from each survey (figure 5D & E). We first analyzed the impact of valence on alignment using a linear mixed model,
yielding a significant result (p = 0.002). As shown in figure 5D, participants tended to interpret the melody as
better than intended when their valence was higher. In other words, participants experiencing positive emotions
were more inclined to interpret the presented melodies as containing positive feedback than those experiencing
negative emotions. Next, we delved into the influence of arousal on how the melodies were interpreted. Our
model revealed that participants’ interpretations did not significantly vary with arousal (p = 0.428). Consequently,
as reflected in arousal, the intensity of emotions did not significantly affect how the melodies were perceived.

Our findings suggest that a user’s positive or negative mood can alter their interpretation of melodies, with
positive emotions leading to more favorable interpretations. However, the intensity of the emotion, as measured
by arousal, does not seem to play a significant role in these interpretations. Moving forward, future musical
feedback systems should either mitigate the influence of valence on users’ interpretations or incorporate the
user’s current valence when generating music.

4.2.4 The Song Itself & Day of Week May Effect How The Music is Interpreted. To maintain long-term engagement
with the system and enhance compliance, it is beneficial to introduce variability into the underlying songs of
our melodies. This approach may keep the system interesting for users over an extended period. To address this,
we structured our study so that each day of the week featured a different song while maintaining consistent
alterations in musical features to convey physical activity levels. This section investigates how our method of
embedding wellness data in music can apply uniformly across different songs. The alignment for each musical
composition is shown in figure 5F.

Our linear mixed model revealed no significant difference among the seven melodic tunes (p = 0.073). However,
as illustrated in Figure 5F, M6, and M7 appeared to have higher correct alignment than the other five (p = 0.000).
Interestingly, these songs were played on Saturday and Sunday, respectively. There were no differences between
weekday melodies (p = 0.074) and weekend melodies (p = 0.926). While the difference in interpretation might
be attributed to the choice of melodies, an alternative explanation could be that participants might have been
in different environments or exhibited distinct behaviors during the weekend. We initially hypothesized that
participants’ weekend moods could differ, yet linear mixed models on self-reported valence (p = 0.122) and
arousal (p = 0.703) showed no significant disparities between weekdays and weekends.

Our subsequent hypothesis considered that participants’ interpretations remained consistent, but the activity
levels intended by the model varied on weekends. We calculated each day’s average intended and interpreted
messages, as shown in Figure 5F. Linear mixed models indicated a correlation between weekends and lower
intended activity levels (p = 0.003), yet no significant difference in the activity levels participants interpreted
(p = 0.218). These tests support our final hypothesis that the shift in alignment during the weekend corresponds
to a change in participants’ physical activity rather than their interpretations.

4.3 Impressions of Musical Feedback

Upon concluding the study, each participant was invited to provide feedback through a final reflection survey. 55
of the 59 invited participants completed the survey. This survey posed a series of questions to capture participants’
experiences during the study. Unlike the previous sections, which primarily centered on behavioral data and
daily survey responses, the analysis in this section will exclusively concentrate on the insights gleaned from the
responses to this concluding survey. The survey commenced by prompting participants to express their level of
agreement with a series of statements using a Likert scale.
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Subsequently, participants were presented with three open-ended questions that delved into their experiences
with the melodies, such as how the melodies contributed to their motivation, what aspects they found appealing,
and any aspects they found less appealing about this approach. Due to the small sample size, the qualitative
responses were analyzed with manual encoding. To do so, all responses were placed in a spreadsheet, reviewed
by the research team, summarized, and then grouped based on similar themes. After all groupings were made,
the exact text of each review was reanalyzed to ensure it was placed in the appropriate group. This last step was
repeated until an iteration when no responses were recategorized. The classifications were then assessed and
confirmed by an independent member of the research team.

4.3.1 Participants Report Being Motivated by the Music but Not Much More than the Textual Condition. Participants
responded to whether hearing the melody helped motivate them to be more conscious of their physical activity
than reading their activity level using a 5-point Likert scale. In total, 58% of participants either agreed or strongly
agreed that the melodies played a role in motivating them. However, only 22% indicated that the melodies were
more motivating than simply reading their activity levels.

4.3.2  Participants Wanted to Receive Better-Sounding Music. Of the 55 participants, 30 (54%) reflected on how the
melodies contributed to their motivation to be more conscious of their physical activity. Among the responses,
13 (24%) participants mentioned that the melodies motivated them by either avoiding ‘bad’ sounding melodies or
seeking out ‘good” melodies. For example, P21 stated, "Hearing a more sad melody motivated me to move around
more. Over the study, I began walking more to get happier results." Five (9%) participants directly referenced
specific musical features within the melodies as motivational factors. Some commented on the tempo, with
three (5%) mentioning it, while one (2%) each mentioned pitch and key. These findings gather support for our
findings in section 4.1.2, where we found weak, non-significant correlations between the musical features, with
the strongest difference being present after hearing fast tempos. Between the qualitative and quantitative analysis,
our results appear to indicate tempo had the strongest relationship with how participants’ activity would differ
after hearing a melody. Meanwhile, two (4%) participants indicated that the open-ended nature of the melodies
made them contemplate the intended activity level, keeping them engaged and curious. For instance, P10 said, "It
kept me guessing what my result actually was" These views lend credence to our underlying theory that musical
feedback’s open-ended nature would encourage the participants to reflect on their activity.

On the other hand, four participants (7%) expressed that the melodies did not inspire them. P41 stated, "Honestly,
the melodies were highly confusing, and if you’re having a bad day, playing bad music to it just makes your
mood worse." Some responses didn’t fit into the mentioned categories. P30 responded about the study, indicating
that it made them more mindful of their sleep and activity levels. P47, dealing with chronic health issues during
the study, expressed uncertainty about whether the melodies helped them.

While the melodies motivated many participants, future approaches may consider combining music and textual
representations to cater to a broader range of preferences and motivations.

4.3.3  Participants Enjoyed the Musical Feedback. According to a 5-point Likert scale, 78% of participants reported
enjoying hearing their activity levels through music melodies, while 14% disagreed, and 5% neither agreed nor
disagreed. Only one participant (2%) strongly disagreed. These results indicate strong overall support for the
concept of musical feedback for physical activity. Given that more than three-quarters of participants enjoyed it,
and the majority had positive responses, these findings suggest that musical feedback for physical activity could
be further developed and considered a viable option for promoting healthier behaviors.

4.3.4 Melodies Were Seen as Fun, Holistic, and Novel. Participants were also asked to explain what they liked
about hearing melodies that encode their activity level information. All 55 responses answered this question.
21% of respondents (12 participants) expressed their enjoyment of the novelty surrounding the melodies and
the overall concept. They articulated sentiments such as "Music wellness interpretations provide a holistic
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approach to health and well-being" (P7). Similarly, 12 participants (21%) highlighted their appreciation for the
engaging and creative qualities of the melodies. They expressed that the music-based activity interpretations were
more captivating and enjoyable than text-based representations. P28 remarked, "I felt like the music wellness
interpretations were more interesting and fun than the text representation." Approximately 14% of participants
commented on enjoying the melodies themselves. They relished the opportunity to listen to a brief melody each
day, especially when they were aware of their high level of physical activity from the previous day. For example,
P25 mentioned, "I liked getting to listen to a little melody every day, especially when I knew that I was very active
the day before" It is important to note that if participants find the melodies to be fun and engaging, it could mean
that musical feedback has the potential to keep users interested over time. This is particularly important for
systems that aim to promote behavior change. However, it is important to conduct further qualitative analysis to
determine how participants, who are not being compensated for each survey completed, interact with the system
in order to fully prove this hypothesis. Another 8 (14%) noted that they derived pleasure from the emotional
impact of the melodies. They appreciated that the melodies sounded cheerful on days when they were active and
healthy, finding it to be a somewhat rewarding and mood-enhancing experience. P52 stated, "I liked that when I
was being active and healthy, they sounded cheery. It was somewhat rewarding and made me happy." Participants
noting the emotionality of the melodies is an additional sign that the musical feedback may encourage intrinsic
motivation, as the participants will be driven to receive melodies that make them feel better about the feedback.
Lastly, 5 participants (9%) expressed satisfaction with the melodies’ personalization: "I liked how personalized
they were. It was nice" (P34).

The remaining responses were categorized into four less common themes. Two participants (3%) expressed their
satisfaction with the simplicity of understanding the melodies, with comments like, "I could instantly recognize
the wellness level without having to think back on my day" (P4). Another 2 participants (3%) discussed the privacy
aspect of the melodies, though their viewpoints contradicted each other. P41 noted, "They were very creative
from a privacy perspective: Other onlookers likely had no idea what information was being communicated,’ while
P44 mentioned, "I feel like if I would have shared the melodies with a friend, they would be able to understand
what my health levels were." An additional 2 participants (3%) provided negative feedback about the melodies,
offering concise comments such as, "I did not like them" (P5). The remaining four responses (7%) were considered
off-topic. Among these, 3 participants (5%) commented positively on the wellness algorithm, with P8 stating,
"I liked the measurement of my wellness." The final respondent, P1, (2%) expressed enjoyment in the reflective
nature of the daily surveys, noting their pleasure in "daily [evaluation] of thyself while [filling out] the survey
end of the day"

4.3.5 Participants were aware they were misinterpreting the melodies. A significant number, comprising 51%
of the participants, found it challenging to interpret the melodies, often struggling to discern the intended
physical activity level conveyed by the music: "It was sometimes challenging to figure out what the wellness
level represented by the music was intended to be" (P55). Some participants preferred a more varied and fuller
sound than the basic piano tones used in the melodies, constituting 16% of the responses. Another 9% mentioned
difficulties in remembering the specific musical features they had associated with each activity level, which
occasionally led to guesswork. This awareness matches the results of our quantitative analysis (section 4.2),
participants struggled to interpret the exact message from the music. These reports, however, highlight that
participants knew they were misaligned with the system. Future implementations could utilize this knowledge to
receive feedback and correct the models until participants and the model can correctly communicate.

4.3.6  Participants expressed some concerns about the melodies. Some (11% of) participants reported not enjoying
the emotional impact of the melodies, particularly when slower tempos were used, such as P13 saying, “It upset
me to have slow tempos." Other participants, constituting 5% of the responses, expressed dissatisfaction with the
music’s open-ended nature. P41 summarizes this viewpoint, “I have to actively listen and interpret the music,
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and for health situations I have no desire to interpret what a doctor is telling me. I want them to just tell me so I
can fix it as soon as possible." Two participants (3%) compared the musical interpretations and a textual format,
with P24 commenting “It felt too vague and open to interpretation, I was never completely sure if I did well or
not. I prefer the written feedback, as it is inarguable and quick and simple to interpret" P10, however, suggested
the simultaneous use of both musical and textual formats. P16 (2%) voiced privacy concerns, stating discomfort
with the idea that other people could hear the melodies. The feedback received suggests that although musical
feedback could motivate some users to be more active, it should not be mandatory. As everyone has different
preferences, some may prefer more straightforward approaches, while others may prefer the more traditional
vision-based feedback.

Finally, some participants expressed off-topic concerns about the study, rather than the music itself. 3 partic-
ipants (5%) focused on the algorithm’s accuracy concerns, such as receiving unsettling tones after achieving
certain activity levels or that the melodies were too finely categorized, conveying a sense of granularity. P14 (2%)
indicated their sole complaint was related to the timing of the surveys, expressing dissatisfaction with the the
time of day the surveys were sent.

5 DISCUSSION
5.1 Creativity in Systems Promoting Physical Activity

The most novel aspect of our system is the use of musical feedback to encourage users to be more active using
their actual physical activity data. While the models have been previously proposed [9], applying them to
encourage real-world behavior demonstrates the possibility of using music as a ubiquitous tool for delivering
wellness feedback. Such ubiquitous delivery means musical systems could be used to communicate with the user
without requiring them to be actively engaged with a device, potentially creating brand new ways and times
to communicate with the user that might be meaningful, such as an alarm clock. While our system is not the
first to consider using sounds to encourage physical activity [9, 36], it is the first to experiment with delivering
personalized behavioral feedback rather than in-the-moment sonification of a live signal.

Many systems exist to encourage physical activity through creative approaches. We will briefly discuss several
such systems and highlight how our findings relate to and differ from these other studies. A challenge with these
comparisons, however, is the inconsistency in metrics to measure physical activity. Our study used a longitudinal
approach and equipped every participant with their own Fitbit, providing a level of resolution in participants’
activity that not every study reports. Other studies evaluate their results using metrics such as number of activity
goals met [42, 43] or qualitative reports [30]. As such, direct comparisons of efficacy may be challenging, but it is
still possible to compare the extraneous findings from each study, particularly a common trend of using creative
feedback to foster intrinsic and extrinsic motivation for the purported benefits of each system.

Our study joins existing literature in demonstrating the benefits of creatively presenting feedback on physical
activity through intrinsic motivation, fostering reflection and emotionality. Reflection Companion [32] encourages
reflection through dialogue with a conversational agent. In section 4.3.2 of our qualitative analysis, we found that
musical feedback has the potential to encourage reflection in users. This is because the message conveyed through
music requires active interpretation by the user, as opposed to being told directly. Similarly, these systems also
promote reflection by requiring users to reflect on their actions, which in turn encourages them to be more active.
Some approaches motivate participants by eliciting specific emotions, like in WholsZuki [42, 43], where only
those who meet their physical activity goals can help the main character find his brother. According to feedback
from some of our participants, listening to certain melodies affected their emotions. This suggests that musical
feedback could encourage engagement as people tend to be more active when they hear happier melodies. In
this way, musical feedback is in line with existing research that has shown how creative communication can
effectively promote wellness information and stimulate reflection and emotional engagement.
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Another trend within creative approaches to physical activity feedback is generating a sense of community for
extrinsic motivation. Gamified approaches often encourage users to compete with one another [20]. StoryMap
encourages community members to share their stories [55], and 3D printed wellness artifacts sparked conversation
and competition between participants [30]. Each of these systems, either intentionally or incidentally, fosters a
sense of community around the feedback. Communities can serve as support networks, connecting individuals
with similar goals to encourage physical activity. Our study does not capture this aspect of creative feedback. To
avoid any potential issues in our study, we made sure that our participants did not communicate with each other.
Although some participants may have recognized each other, we did not specifically investigate this aspect of
our data. However, it is worth noting that one participant in the qualitative analysis (section 4.3.4) mentioned
that they felt comfortable sharing the melodies with their friends. This could indicate, much like the 3D printed
wellness artifacts, that with proper configuration, the artistic nature of the melodies could potentially foster
community. If participants enjoyed listening enough, they could share the tunes with friends and family, creating
a sense of community around the feedback. This aspect of creative feedback can be demonstrated in future
studies.

Although creative wellness feedback may foster community, engagement and reflection, more traditional
approaches still provide some benefits over creative feedback. Recommendation systems, such as MyBehavior
[53], and text-based approaches [11] offer direct and clear suggestions and feedback on users’ physical activity.
As seen in section 4.3.6, some users may prefer this straightforward communication, not being asked to reflect on
their well-being but simply being told how to be more active. Sometimes, direct interventions can be helpful for
people who do not have enough knowledge on how to be physically active. In such cases, these interventions
can provide necessary information to help users make a change, rather than relying on self-reflection to feel
motivated and engaged. The creative and direct forms of feedback need not be mutually exclusive. Musical
feedback can be used in conjunction with more straightforward reflection to provide both direct feedback and
emotional data, thus combining the benefits of both types of systems.

5.2 Design Considerations

Our research marks an initial effort to explore the utilization of music as a means of providing users with feedback
based on real-world activity data. The results of our study offer insights into the feasibility, constraints, and
necessary directions for the development of musical feedback systems.

5.2.1 Musical Feedback for Behavior Change. Our findings in section 4.1.1 imply that music can serve as an
effective feedback mechanism to motivate some participants to increase their physical activity. This could be inte-
grated into health apps or systems for a more engaging user experience. The study showed that musical feedback
improved behavior slightly over the baseline, and significantly over textual feedback. However, depending on
their average activity, participants responded differently to different musical features. As supported by previous
literature allowing participants to set their own fitness goals [42, 43] or indicating the importance of personalized
communication [57], this suggests algorithms should factor in user-specific behaviors and preferences. Besides,
while there is a clear preference for rewarding users with more pleasant melodies as a response to increased
activity, less pleasant-sounding melodies can also serve as effective motivators. These less pleasant melodies can
act as warning alarms, drawing users’ attention to their inactivity and encouraging them to take action. Future
systems can account for the type of feedback the developers want to use. Emphasizing negative-sounding melodies
may encourage users to push themselves harder, while positive-sounding melodies may be more rewarding.

5.2.2  Personalization and Customization of Music Melodies. ?? Enhancing the melodies for users’ enjoyment
and engagement could be achieved by considering individual music tastes rather than individual perceptions of
musical wellness. Currently, the approach generates all feedback in the classical musical style of Bach. However,
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given that our participants’ average age indicates that less than 3% of the music they listen to is classical [15],
expanding the modeling to encompass a broader range of musical styles may result in melodies that are more
pleasant to users, potentially making them sound healthier. Future systems could automatically determine the
style of music to deliver by analyzing users’ music streaming history, such as on Spotify. This expansion into
various musical genres can add appeal to the songs, rendering them more captivating, relatable, and personal
to users. The importance of providing multiple communication methods is supported in previous literature
[30], where participants used multiple types of 3D printed artifacts to visualize their wellness. Furthermore,
factoring in participants’ preferred musical styles might even obviate the necessity for specific musical features.
For instance, a model could utilize songs aligned with an individual’s musical taste to convey healthy behavior
while employing songs the user dislikes to represent unhealthy behavior.

Moreover, our study delves into musical feedback as a distinct form of physical activity feedback. Nevertheless,
in practical implementation, the musical delivery of feedback could be seamlessly integrated with existing, more
traditional vision-based approaches such as ambient displays, textual and graphical representations, or gamified
systems. In fact, a combination of approaches is suggested in previous literature [42]. This musical and visual
feedback integration could create a synergistic relationship where each form complements the other’s strengths.
Incorporating musical feedback could aid visual feedback in conveying the emotional aspect of the message,
enhancing overall communication. Simultaneously, visual feedback can mitigate the risk of misalignment in
open-ended musical delivery, ensuring that users receive a more coherent and effective physical activity message.

5.2.3 Musical Models Can Be Simplified. As discussed in section 5.1.2, only tempo showed any significant
correlation with the steps participants took after hearing a melody. While this indicates tempo may be able to
directly influence the inspiration middle-activity users take from the music, it indicates the other features may
not. Therefore, it is conceivable that participants do not consider the musical features at all, and future approaches
may not need to rely upon them. Music inherently conveys emotions that transcend socio-cultural boundaries
[18]. Embedding wellness data in the emotional quality of a song could make the feedback easier to interpret.
Incorporating wellness data into the emotional elements of a song could make it easier to understand the feedback.
Additionally, enhancing the emotional connection could improve the effectiveness of musical interventions.
The success of WholsZuki is a testament to the power of emotional connection between the audience and the
character [42, 43]. Instead of needing to analyze musical features, users would simply reflect on the emotion of
the song. While this alteration might introduce a degree of subjectivity into the approach, it could also simplify
the interpretation and internalization of the wellness message.

Additionally, in light of the overall low alignment, it is also plausible that the utilization of multiple musical
features unnecessarily complicates the model. Future models might explore the possibility of relying on a single
feature to convey wellness feedback effectively. For instance, a melody could embed wellness data using solely
tempo, , which, in addition to encouraging users to be more active, has been found to improve the perceived
wellness of music [9]. In this scenario, faster melodies could signify the participant performing well as positive
reinforcement and encouraging continued physical activity. With this approach, users would only need to
interpret the speed of the music rather than consider all five features. This streamlined approach will likely
simplify comprehending the melodies and potentially enhance overall alignment. Designing systems around a
single factor, such as emotionality or tempo, will make the music easier for users to understand while seemingly
remaining effective in promoting physical activity.

5.2.4 Musical Feedback Interpretations May Require Time to Calibrate. In section 5.2.2, we identified that par-
ticipants’ interpretations of the music became more aligned over time. This may signify a growing familiarity
with the model. Initially, at the outset of the study, participants may hear the melodies and perceive them as
unpleasant, immediately associating this with unwell data. However, as they listen to the music over several days,
participants better understand how the different levels of physical activity sound in the melodies. Consequently,
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this gradual acclimation refines their perceptions, bringing them closer to the intended message. Thus, future
systems may need to account for this ’learning curve’ in interpreting melodies or devise strategies to expedite
the calibration period. This calibration period presents a limitation with our proposed feedback method, as other
more direct approaches do not require time for users to adjust to a ‘learning curve’ Future work should consider
investigating whether model simplification or better personalization can reduce the user’s burden in learning
how to interpret the feedback. This calibration period can be eliminated by blending music and textual feedback
to convey the message clearly while retaining emotional impact.

Future systems should be designed to account for potential calibration changes and lowered usage rates
with prolonged use. As users become more familiar with the melodies, they may become less novel. This may
result in weaker compliance from the users. However, our study cannot properly analyze this effect because our
participants’ compensation was directly influenced by their compliance with using the system. It is possible that
this effect could be mitigated by changing the underlying melody while consistently applying the same musical
models to embed the message in the music. However, future systems should be aware that the time required to
calibrate may simultaneously make users less interested in the musical feedback as the novelty effect wears off.

5.2.5 Musical Feedback Should be Context-Aware. Our findings show that the way melodies are perceived can be
influenced by various contextual factors (sections 4.2.3 & 4.2.4). Our linear mixed models indicated that the time
elapsed since generating the models, the participants’ valence and the day of the week significantly relates to how
the melody is interpreted. Allowing the model the flexibility to adapt its behavior based on these contextual factors
should enhance the consistency of alignment between musical feedback and users’ interpretations, ultimately
leading to the improved overall performance of the musical feedback system. Context-aware computing has
previously been used to improve music recommendation systems [39], indicating building models to account for
contextual factors may improve the performance of our system. Context awareness is also essential for addressing
privacy concerns, especially if musical feedback is audible to others. As observed in sections 4.3.4 & 4.3.6, some
users were conscious of the music’s potential lack of privacy, and may hesitate to use the system if their wellness
data is not adequately protected. Improved context-awareness can facilitate just-in-time active interventions by
learning the user’s preferred time and setting for receiving musical feedback, such as when they return home
from work, and identifying the most receptive time for delivering a message.

5.2.6 Musical Feedback Should Balance Accessibility, Usability, and Privacy. Using musical feedback for conveying
health information can enhance the accessibility of personal wellness technology by expanding the means of
communication beyond traditional visual displays. Developing these systems with simplicity in mind is essential
to ensure they are accessible. Our analysis in section 4.1.2 suggests that one approach to ease the generation
of musical models is to generalize musical features. We observed baseline activity correlates with participants’
perception of wellness from a melody’s tempo, which could be exploited to drastically reduce the burden of
generating individualized musical models. Through this reduction of mental burden, the ease of using our system
is improved, ideally making it more accessible to all users.

However, simplifying these models may raise privacy concerns. Given that auditory output is pervasive and
can be heard by anyone nearby (if used without headsets), there is a risk that others nearby may perceive and
interpret the wellness messages intended for the user. Therefore, exploring secure yet meaningful methods of
delivering melodies is important. For instance, one potential approach could involve playing wellness melodies
as the user’s morning alarm clock in a setting with minimal unintended listeners. Although previous research
found that users may wish to share their data, and doing so can encourage them to be even more active [30, 55].
Applying this finding to musical feedback, it is possible that some users may not be worried about privacy, but
rather want their musical feedback to be heard by friends and loved ones. Future systems must consider the
appropriate deployment settings to ensure the melodies remain accessible, beneficial, and private while avoiding
unintended disclosure of personal information.
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5.3 Limitations and Future Directions

The largest limitation and perhaps most important future work for our approach of providing physical activity
feedback through music is our inability to show behavior change at this time. At the current stage of musical
feedback development, it is not possible to demonstrate behavior change within a sufficiently long duration. It is
important to track how users adhere to and use the music system over time to study the long-term impact of the
music models. However, our study did not have provisions for observing this metric as participants were paid
based on the number of daily surveys they completed. Future studies exploring new musical approaches should
consider different compensation plans that allow measuring the usage and compliance with the system over time.

Another potential limitation of our study is the possible influence of the participants’ Fitbits. We chose Fitbits
as an easy-to-use method to gather detailed step data, but these devices give users precise measurements of their
daily step counts. It is possible that having this exact measurement could affect how participants perceive the
music. However, we believe this is unlikely since the device only provides a number of steps, and participants
probably already have an internal awareness of their activity level from the previous day. Although we cannot
completely dismiss this as a possible confounding factor in our study.

Our study only contained musical and textual feedback. As stated in section 3.1, the reason for selecting textual
feedback as a baseline condition was due to its directness, which is the opposite of the open-ended interpretations
of musical feedback. However, we did not implement other physical activity encouragement methods developed
by other studies in our work to compare their effectiveness against our musical system. Including more than two
systems in a within-participant study structure would have required shortening the duration of each feedback
type. This would have lessened our ability to observe the prolonged effects of musical feedback. Alternatively,
the study could have been extended beyond one semester. However, this would change the quality of our data
collection as participants may exhibit different activity levels during academic breaks. As such, we cannot directly
compare the effectiveness of musical feedback to other approaches, such as narrative-based systems, using exact
measures. To better understand the benefits and drawbacks of each approach, future work can investigate multiple
novel approaches through direct comparison.

We have identified three potential future directions based on the findings of our study. Firstly, we discovered
that middle activity participants benefited the most from the musical intervention. However, we could not find
any clear demographic or background indicators that could explain why they were more receptive to the musical
feedback. Therefore, future research can focus on defining the target population that can benefit the most from
musical feedback. Secondly, our study hinted that musical feedback could be an effective tool for accessibility
purposes, especially for visually impaired users. The auditory nature of musical feedback can communicate better
with visually impaired users than vision-based approaches. This application of musical models can be explored
further by accessibility researchers to optimize the models for visually impaired users. Lastly, our study found
that, over time, participants’ interpretations became better aligned with the model, which may indicate that they
learned how to understand the feedback. Our implementation of musical models remained consistent, allowing
participants to learn how to interpret the feedback. However, future studies could consider using an adaptive
algorithm to implement musical feedback. This approach will allow the system to learn how to communicate
with users while they simultaneously learn how to interpret the feedback.

6 CONCLUSION

We conducted an experiment to investigate the feasibility of using sonification to convey users’ physical-activity
levels through music. Our approach involved generating music based on the analysis of participants’ daily step
counts and then adjusting musical elements such as tempo, pitch, dynamics, key, and smoothness to communicate
the intended physical-activity level. Our findings highlight opportunities to simplify the models, primarily by
reducing or streamlining the musical features to align with general trends observed among participants. Despite
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the frequent misinterpretation of the model, we found that individuals were generally the most active while
receiving musical feedback. This underscores the potential of music as a tool for encouraging healthier behaviors.
We also found that the current melodies are highly influenced by contextual factors, such as the participant’s
mood. Our exploration into using music for physical-activity feedback provides valuable insights and design
considerations for future iterations of these systems. It underscores the need for refining the music modeling
approach, potentially by simplifying musical features and accounting for contextual factors that influence users’
interpretations.
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