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Abstract

Analysing personal datasets has traditionally been limited to ‘Quan-
tified Selfers’ who commit significant effort into manually recording
and analysing their data. However, the pool of Casual Users (CUs)
who can engage with their personal data is increasing due to the
prevalence of companies passively collecting user interaction data.
In this paper, we execute an online survey exploring what kinds of
information users seek about their music listening behaviour. We
compare the information needs of CUs to identified Self-Trackers,
using music listening as a lens to develop an information space.
The paper culminates in a provocation to broaden the audience of
personal informatics by updating existing models of interaction to
account for casual users, passive data, and episodic reflection.
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1 Introduction

Research in personal informatics (PI) has traditionally focused on
users who are Quantified Selfers (QS), typically placing an emphasis
on domains driven by goal-oriented progress such as health and
fitness [22] (§2). QS users are defined as those who put considerable
effort into manually recording, collecting, and analysing data
about themselves[37]. Existing frameworks explore the various
challenges these users face when interacting with their personal
datasets[9, 23, 35].

Increasingly, personal data is being passively collected by com-
panies as a by-product of a user engaging with a service such as
music or video streaming, fitness trackers, and even device screen-
time usage. The introduction of data privacy laws such as General
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Data Protection Regulation (GDPR) mean that any user who has
data collected about themselves can request access to it, meaning
the pool of users who can access, and learn from, their data is
growing.

As a result of this, the manual burden of tracking typically asso-
ciated with the QS movement is reduced, introducing a new class
of Casual Users (CUs)! who should now have access to their
personal datasets.

The emphasis in prior research on dedicated QS users leaves a
gap in understanding how CUs engage with their data. For instance,
systems that passively collect data now offer episodic overviews —
provider-curated infographics and summaries - that surface some
of this data back to a user at regular, often annual, intervals. This is
a primary mode of interaction with personal data for CUs; however,
compared to QS, we know little about the kinds of insights that CUs
want, what data they value, and how well these existing summaries
serve them.

Understanding CUs’ interactions with personal data is valuable
for Personal Informatics to understand how users with varying
levels of data-literacy and willingness to engage end up interacting
with their data. It can drive research into how personal data can
directly impact users even when they do not actively track, and into
what methods are most effective for surfacing insights. Moreover,
the passively collected datasets that CUs rely on also exist for QS
users and exploring users’ interactions with these datasets and the
provider-curated summaries can facilitate more effective design
of episodic summaries as well as the potential expansion of QS
practices.

Music listening presents a compelling domain to explore this
gap of understanding into CUs’ data interactions and preferences.
Streaming platforms collect fine-grained behavioural data over
long periods with no manual effort required from users. Addition-
ally, the annual summary provided by Spotify? — Spotify Wrapped
- is widely regarded as one of the most successful and popular ex-
amples of episodic overviews since its introduction in 2015[15, 16],
repeatedly generating large-scale user participation and viral so-
cial media activity[41]. The clear popularity of Spotify Wrapped
to a broad range of users (Fig. 1) means music listening represents
an ideal lens to explore casual users, passive data, and episodic
interaction.

The success of Spotify Wrapped has spurred yearly overviews
not only from other music providers (Apple Music, Tidal, YouTube
Music) but also in myriad domains including language learning

1See §1.2 for operational definitions
>The market leader in music streaming
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Figure 1: How the popularity of Spotify as a search term has
changed over the past 5 years on Google. There is a signifi-
cant peak every year coinciding with the release of Spotify
Wrapped in late November, early December.

(Duolingo), news sites (Washington Post, Newsprint), fitness track-
ing (Strava), social media (Reddit), and many more[16, 41]. However,
these summaries are typically limited to simple shareable static
graphics (§6). As a result, CUs engage only episodically with their
personal data — when companies surface insights for them - rather
than through continuous self-directed tracking.

Thus, while these campaigns broaden the audience of data en-
gagement beyond QS users, the rigid templates do not facilitate
exploration and limit the capabilities of users to meaningfully en-
gage with their behaviour.

1.1 Contributions

In this paper we conducted an online survey with 60 partici-
pants. Through the analysis of this survey, we make both domain-
specific and broader theoretical contributions - offering empiri-
cal insights into how people engage with music listening data as
well as broader implications for the personal informatics literature:

Domain-Specific Contributions.

o Empirical reporting of users’ specific data interests related to
music listening behaviour (§4.2) and analysis of the abstract
insights they sought (§5)

o A description of the current landscape including an evalua-
tion of existing music listening summaries (§6) and barriers
that users face (§6.4)

These domain-specific contributions illustrate the potential for
music listening as a setting for users to engage with personal infor-
matics that falls outside of traditionally studied domains - §2. We
hope that they can also motivate development of consumer-facing
overviews that better serve users and facilitate interaction with
personal data that more closely matches their desires.

Broader Theoretical Contributions.

e We propose an information space framework for describ-
ing the types of insights users seek from passively collected
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personal data, informed by music but generalisable across
domains - §5

e We outline a conceptual provocation that highlights lim-
itations in existing models of personal informatics when
applied to Casual Users, episodic overviews, and passive
data contexts — §7

Through these broader implications we provide mechanisms for
further research to better characterise the kinds of interactions users
can have with their personal data and to illustrate how passive data
and episodic reflections are changing the landscape of personal
informatics. Our provocation aims to advance future research by
identifying how these emerging user types and modalities require
the augmentation of existing models of personal informatics[9, 21,
35, 46] and how this can broaden the audience beyond traditionally
studied domains and users[4].

1.2 Definitions and Terminology

To support clarity in our comparisons and contributions, we define
key terms used throughout the paper.

A spectrum of data engagement. - Throughout this paper we
refer to three user groups: Quantified Selfers, Self-Trackers,
and Casual Users. These groups exist along a spectrum of data
engagement and the boundaries between the groups are sometimes
fluid. We define each based on their levels of intentionality, effort,
and domain breadth below, and summarise in Tablel.

Quantified Selfers invest significant time and effort into record-
ing, analysing, and reflecting on data about themselves[37]. This
engagement is characterised by active, conscious decisions to
track their behaviour often across multiple domains using man-
ual and automated approaches. They engage deeply with all
stages of the stage-based and lived informatics models of personal
informatics[35, 46], and this engagement is often a continuous,
iterative process. QS users have been the focus of much prior
research, particularly work trying to understand these users’ ap-
proaches to and goals of data engagement[9]. When we refer to QS
users in this work we are referencing these users that have been
studied in prior work.

Casual Users refers to individuals in our study who fall at
the other end of the data engagement spectrum. They exclusively
passively create data through their interactions with services like
music streaming platforms but do not consciously track or engage
with this data. Their engagement is typically episodic and driven
by provider-generated insights. CUs bypass most stages of the
informatics life cycle, often only engaging in prompted reflection.

Self-Trackers occupy a middle-ground between CU and QS
users. They exhibit conscious engagement with some form of per-
sonal data tracking and demonstrate some awareness and engage-
ment with their data domains, but lack the broader, more in-depth,
engagement of QS users. Oftentimes engagement is confined to a
single domain and significantly less involved - for example, occa-
sionally keeping track of books read, but not religiously updating
the list. As a result ST users do engage with some stages of the
personal informatics data lifecycles but less thoroughly and more
sporadically than their QS counterparts. Self-Trackers is a term that
has appeared in previous literature but in this work we use it to
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Table 1: How different user groups exist along the spectrum of data engagement and interaction with the data lifecycle

Quantified Selfers (QS) Self-Trackers (ST) Casual Users (CU)
Data Engagement High Moderate Low
Data Lifecycle Stages Full Engagement May skip some stages (e.g. Preparation) Passive Reflection Only
Agency High (conscious, engaged tracking) Medium (May rely on apps) Low (data passively collected only)

Motivation Behavioural Change, Curiosity
Specifically Investigated in this Study? No

Habit Tracking, Curiosity Curiosity, Reflection
Yes Yes

refer to a specific subset of the users from our study. We detail our
criteria for this in §3.4.

Passive Data refers to information collected as a by-product of
user activity, rather than through deliberate tracking. In this paper,
music listening logs gathered automatically by streaming platforms
exemplify passive data.

Episodic Overviews are curated summaries or infographics pe-
riodically generated by service providers (e.g. Spotify Wrapped). Un-
like continuous self-tracking, these overviews offer time-bounded,
provider-selected glimpses into users’ behaviour.

2 Related Work
2.1 Personal Informatics

Personal informatics (PI) research has traditionally focused on
Quantified Self (QS) and Self-Tracking (ST) users’ interactions with
their personal data. To describe this relationship, Li et al. estab-
lished the Stage-Based Model[35] - a five stage lifecycle that spans
from preparing and collecting data through to reflecting and acting
(Figurre 2a). This model was updated and expanded to better reflect
real-world self-tracking behaviour in Epstein et al’s Lived Informat-
ics Model[23, 46] which considered stages such as deciding, lapsing,
and resuming tracking. This updated model also emphasised the
cyclical nature of tracking in the real world (Figurre 2b) as well as
the flexibility, range of different tracking domains, and emotional
factors in self-tracking. However, it still largely assumed inten-
tional, active engagement with data. Although both of these models
have been tweaked for specific populations[54] they continue to
represent the primary means of describing users’ interactions with
personal informatics (PI).

Work building on these models has also focused on later stages
of the lifecycle — especially on what users want to learn from their
personal data. The disconnect between data collection and insight
generation has been highlighted[21, 22] and formalised as the “Per-
sonal Informatics Analysis Gap" — the difficulty users face in ex-
tracting meaningful insights from their data [40]. One such gap
is discussed by Rapp and Cena, who explored how casual users
with no self-tracking experience engaged with personal data[44].
However, this work focused on these users becoming users who
actively collected, tracked, and analysed their data and not on their
existing data, their data relationships, or how the friction of their
engagement could be lessened. Their findings showed decreased
motivation in actively tracking their data, mirroring findings from
work examining abandonment of tracking[1, 10].

On the other hand, work focusing on insights that users extract
has again focused on QS users, considering the kinds of visualisa-
tions used to present insights at QS meetups[7] and more broadly
the field of personal visual analytics[30]. Existing PI literature has

also established concrete reasons why QS users track their data,
such as behaviour change, self-reflection, and reminiscence[35, 46]
and more formally described five different categories (Directive,
Documentary, Diagnostic, Reward, and Fetishised), also focusing on
how users’ data engagement was an emotional task and not purely
analytical[23, 46]. The primary focus of a significant portion of PI
work has been in behavioural change and often focused in the do-
main of health and fitness[22, 25]. While some work has suggested
the focus on behavioural change is disproportionate[52], only lim-
ited work focuses specifically on other tasks such as self-reflection
or reminiscence[51].

Prior work that has focused explicitly on reflection has explored
different temporalities that emerge for users [26] as well as a di-
verse set of tasks that users engage with when self-reflecting, of-
ten emphasising the exploration that users undertake[8]. More
broadly, Lupton’s typology of self-tracking also considered reflec-
tive practices across social and cultural contexts[36]. Outside of
PL research has also focused on how active recording of data can
trigger self-reflection in work contexts[29]. All of this work pri-
marily pairs reflection with active data collection and deliberate
self-tracking practices. In contrast, we examine reflection and inter-
action when data is collected passively and only surfaced to users
through provider-triggered overviews.

Amongst the PI literature, the concepts that we focus on in this
paper of casual users, passive data, and episodic insight are
not unique to the domain of music listening. Alluding to casual
users, the lived informatics model[23] identified differing levels of
commitment to self-tracking, which has been illustrated in domains
such as fitness tracking[58]. However, as detailed above, prior re-
search has largely addressed casual users by focusing on how to
make self-tracking easier[44] rather than investigating casual users’
existing personal data interactions. Related to passive data, work
has considered the use of technology to more easily collect data[6],
though this work still relies on active user initiation of this tracking
and users’ invested and involved engagement with the collected
data. Finally, research has considered STs episodic engagement
with PI[27], however often focused around specific care tasks and
goal-oriented outcomes of interaction. This differs from the more
curiosity-driven interaction we discuss in §4.2 and §5. In addition,
prior work also details how the periodicity of interaction is still
driven by the user themselves[36] instead of the episodic overviews
that we focus on that are triggered by providers.

This paper builds on existing literature to understand how well
existing QS frameworks can describe more casual users’ informa-
tion needs, their relationships with their data, the emergence of
passively created data sources, and the proliferation of episodic
overviews. Moreover, domains such as fitness and health have
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(a) Figure taken from Li et al’s Stage-Based Model [35]
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Figure 2: The two most prominent models of personal informatics engagement.

seen extensive focus in existing work especially considering be-
haviour change and goal-oriented interactions as a key driver[22].
By focusing on the relatively unexplored domain of music listen-
ing we hope to reduce this focus on behavioural change and gain
further understanding of the information needs of users engaging
with their data.

2.2 Music Listening

Prior work in the music listening domain has analysed large datasets
[24, 43] and social media posts[57] to establish formal models of
music listening behaviour. Relatively little work takes a user-centric
approach. A notable exception is Kamalzadeh et al’s 2012 survey (>
200 users) which examined users’ listening habits[31]. This work
focused on music library management but also laid out how users
self-reported consuming. We extend some of these findings in §4.1
and contribute to work that has investigated how users’ listening
has changed in the advent of digital streaming[14].

Other studies have evaluated how well users’ self-reported listen-
ing behaviour aligns with their measured behaviour[18]. Research
in the psychology domain has attempted to understand some of
the drivers behind music listening behaviour and preference[47]
without touching on the specific attributes of music that users are
consuming.

Prior work on retrieval and discovery of music has often involved
inferring behaviour from datasets of music listening[24]. This work
has focused on how this information can be leveraged to improve
music recommendations for listeners, facilitate easier discovery and
retrieval of music[33], or to drive better interactions with music
listening apps[56].

The common theme of this prior work is in understanding the
listening behaviour of users. In contrast, our work focuses on
what users can, and want to, learn from their listening behaviour,
engaging with their self-reported preferences.

Finally, as we outlined above (§2.1) the focus of work in the PI
domain has historically been on health and fitness with Epstein et
al’s 2020 personal informatics literature review establishing that

83% of publications touched on some aspect of health[22]. In con-
trast, music listening is a relatively untapped domain area for PI
and does not feature as one of the 20 named domains identified
from the 523 publications surveyed. This domain has potential to
provide nuanced insights into the personal informatics space.

Limited PI work has explored music listening, leveraging vi-
sualisation in tandem with users’ music libraries or histories to
facilitate easier navigation of music[53], and considered the use of
users’ music listening history in the context of social interviews[13].
However, to our knowledge, no existing work has focused on estab-
lishing what users would like to learn about their own behaviour
from their listening histories, and which specific aspects are of most
interest to them.

3 Methodology

We conducted a crowdsourced study with 60 participants from the
Prolific platform.

3.1 Survey Design

Our survey was split into 5 sections.

A - What do users want to learn from their music listening history?
At the beginning of the survey we asked users to provide a minimum
of 3 insights they would like to learn about their music listening
as a set of open-text responses. There was a further (optional)
opportunity for respondents to suggest insights at the end of the
survey — though few (7 out of 60) participants did.

B - Users’ relationship with music. To compare users’ listening
behaviours to previous work (§2) and investigate how individual
differences potentially impacted other responses, we asked several
categorical multiple-choice questions, often allowing multiple re-
sponses to one question and further open-text responses. These
questions covered topics such as how often users listened, what
medium they used, and in what contexts they listened.
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C - What attributes of music are users interested in? In addition to
understanding the abstract insight interests of users in A, we sought
to characterise users’ specific data interests related to music. The
questions focused on 4 areas: Artists, Albums, Tracks, and Listening
Sessions (continuous sessions of listening with no significant pause
between songs). Additionally, three sub-areas (Lyrics, Musical Fea-
tures, Musical Credits) were asked conditionally based on their
indication of interest to questions related to the initial key areas.

Each of the area questions consisted of 5-point Likert questions (1
= ‘Not at all interested’, 3 = "Neutral’, 5 = “Very interested’) eliciting
the user’s interest in certain aspects of the area (e.g. Artist Age, or
Track Release Date). In addition, every question allowed the user
to offer free-text responses for additional criteria we may not have
considered.

D - Barriers to accessing more insights into their behaviour? A mix
of multiple-choice and free-text answers designed to understand
whether users wanted access to their full listening history, and
what barriers existed.

E - Attitudes towards existing summaries. Finally, we surveyed
users’ current attitudes towards the summaries that music stream-
ing providers offered. In combination with C and an investigation
of the existing summaries’ capabilities (§6.1) this served to establish
how well users’ desires were being satisfied. This section was split
into Likert responses regarding the content of existing summaries
from popular providers extracted in §6.1 (Total Listening Time, Top
Genres, Top Songs, Top Artists, Top Albums, Top Playlists). We
allowed open-text for each of these sections.

The full survey materials are included in supplemental material.

3.2 Data Analysis

3.2.1 Quantitative. Throughout our survey we collected a wealth
of Likert scale and multiple choice responses. We analysed these
by providing summary statistics and calculating means. As can be
seen in Fig. 6, we additionally report raw response counts to show
the distribution [48]. In §4.2 we also carried out independent t-tests
to test for statistically significant differences in responses between
Self-Tracking users (§3.4) and CUs.

3.2.2  Qualitative. The vast majority of responses that required
qualitative analysis came through the free-text insights users pro-
vided in section A of the survey. In total we received 215 insights -
202 at the start of the survey, 13 during the (optional) final question.

We first applied an inductive open coding approach[12] begin-
ning with the data to establish low-level codes. Two authors initially
coded random subsets of 5 insights, discussed and calibrated, and
repeated this approach until agreement was reached. Drawing in-
spiration from previous work[19], we iterated over the full response
set, establishing a set of 29 stable codes after 3 full independent
passes.

We created additional structure of our codes using thematic
analysis[5] via an affinity diagramming approach[28], utilising the
online whiteboard software Miro[39]. This process was, again, an
iterative discussion between the authors.

Throughout the survey we also received free-text responses on
multiple other questions and applied a similar qualitative analysis
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Figure 3: Total number of unique insight tags vs total number
of participants

methodology. The full responses and processed results of all survey
questions are included in the supplemental material.

3.3 Survey Recruitment

Participants. We recruited 60 participants (28 men, 30 women, 2
nonbinary) located within the US from the crowdsourcing platform
Prolific. To be eligible for the survey, participants needed to indicate
they used a music streaming platform in Prolific’s pre-screening
questions. The age of participants ranged from 18-64 (u = 35.33,
o = 11.77). 42 participants indicated they were White, 7 Asian, 6
Black, 2 American Indian or Alaska Native and 7 listed ‘Other’. The
majority of participants indicated their highest level of education
involved higher education: 22 with a bachelor’s degree, 5 master’s
and 5 doctoral. 19 indicated they had completed high school.

While Prolific is widely used for HCI research and offers access
to diverse demographics, our sample is nonetheless limited in rep-
resenting purely US-based participants with reliable internet access
and potentially higher levels of technology literacy than the global
population. Our results thus represent an initial exploration of this
domain and may not generalise to other populations.

Participants spent on average 20 minutes on the survey and
were compensated $5. All participants answered the survey in Oc-
tober/November 2023, before that years’ yearly overviews were
released. In §4.1 we detail how 7 users responded that music had
‘no specific role’ in their life to an early survey question; as the
purpose of this work was to understand what users want to gain
from insights into their music listening behaviour, we excluded
these results from the quantitative analysis in the rest of the survey.

Stopping Criteria. Previous literature examining people’s listen-
ing preferences[31, 34] has worked with sample sizes in the hun-
dreds. However, in order to allow us to explore greater qualitative
depth in the answers to our questions, we worked with a smaller
sample. To ensure we still reached saturation in our analyses we
recruited in increments of 10 and performed analysis of the an-
swers incrementally. For the quantitative analysis of responses to
the Likert style questions, we visually inspected the change in mean
response of users as we increased the number of participants (e.g.
Fig. 4).

Similarly, for the qualitative analysis, after each new set of 10
participants we executed a round of open-coding with two authors
assigning inductive codes and comparing them. We then inspected
how the total number of unique tags varied. When we recorded a
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Figure 4: Mean response to users’ general interest in areas of music as the number of participants is increased

full set of 10 participants but added no new tags we determined we
had reached saturation. This can be seen in Fig. 3. Once we had
reached saturation of these tags for the user-recorded insights we
then performed the more formal coding approach detailed in §3.1.

3.4 Self-Tracking Behaviour

As discussed in §1.2 we operationally defined Self-Trackers as a type
of user falling between QS and CU users on the data-engagement
spectrum. A focus of this paper was to investigate how information
needs and desires may differ between users with differing levels of
data-engagement — namely between CUs and STs.

In order to identify ST users, we asked two questions at the end
of section B of the survey:

(1) “Do you manually record data about your music listening
habits?"

(2) “Do you manually record data about other aspects of your
life? (e.g. books read, financial tracking)"

Using open coding (full codebooks and analysis available in
supplemental material) we categorised the open-text responses to
these questions in a 5-point scale of tracking behaviour:

(1) User does not display any tracking behaviour

(2) User shows minimal potential behaviour indicating possible
awareness of their behaviour but not tracking it

(3) Occasional or idle tracking behaviour

(4) Substantial tracking behaviour

(5) Extensive tracking behaviour (e.g. recording extensive in-
formation about specific behaviour or maintaining multiple
lists of habits)

We ultimately determined the threshold for classification as a
Self-Tracking user to be users who were coded as a 4 or higher
on this scale. We chose to exclude those with a rating of 3 as these
responses were often ambiguous in describing the extent to which
they manually engaged with the tracking process as well as their
overall involvement with and awareness of the data once it was
collected, e.g.: P12 - “T use an app to record the books that I read". In
contrast, those coded as 4 or above clearly indicated their continued
engagement with their data, e.g.: P6 - “I keep track of my progress
with weight lifting in my phone’s note app."

Although those coded as 3 potentially reach the threshold of
Self-Trackers we chose to err on a conservative definition to try to
ensure a group who were invested in their data.

Very few participants exhibited any form of self-tracking be-
haviour in the music domain. As shown in Fig. 5, only 8 participants
(13%) displayed substantial or extensive tracking behaviour related
to music. This aligns with prior research that has examined the
range of domains that users track data in. Music listening does not
appear in the top 20 domains surfaced in Epstein et al’s 2020 survey
[22], and their interactive tool only highlights 1 out of 584 articles
as focusing on music listening®.

Number of Respondents Exhibiting Self Tracking Behaviour

W wmusic [ Other Domains

Casual Users Self-Trackers

Level of Self-Tracking Behaviour

Figure 5: Prevalence of self-tracking behaviour in our respon-
dents across music and ‘other’ domains.

Due to the scarcity of self-tracking behaviour in the music do-
main, relying solely on these users would have created a group that
was too small and heterogenous to facilitate meaningful compar-
ison. As a result we made a pragmatic decision to operationally
define Self-Tracking (ST) users as those who scored 4 or above
with regards to tracking data in ‘other’ domains, totalling 26 users.
The remaining 27 users (those who did not reach the criteria for
ST) are referred to as Casual Users (CUs) in this paper. We utilise

3http://personal-informatics.depstein.net/
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the distribution of responses.

this definition for clarity and to occasionally distinguish them from
QS users studied in previous work.

This threshold is inherently pragmatic rather than definitive.
However, in this work we are not aiming to define a stable typology
but to perform initial exploratory work to investigate whether prior
experience with self-tracking - regardless of domain - corresponds
to different patterns of data interests.

It is also likely that some of our ST users reach the threshold of
QS but we did not fully investigate this through our survey and so
instead describe these as separate groups in the remainder of this
paper.

In using this definition we were able to facilitate more mean-
ingfully sized groups for comparison (compared to relying only
on music self-trackers) and to explore whether users exhibiting
self-tracking behaviour regardless of domain influenced their re-
lationship with data (§4.3) and the abstract insights they sought
(§5.4).

4 Quantitative Findings
4.1 Music Listening Behaviour

In Section A of the survey (§3.1), we sought to understand users’
listening habits to contextualise users’ attitudes toward music data.
Responses were generally consistent with prior research[31], with
participants reporting a wide range of listening contexts, most
commonly as accompaniment to other activities (e.g., working,
commuting, exercising). Nearly all listened to music daily, typically
in sessions of 30 minutes or more.

A key shift from earlier studies was the dominance of streaming:
over 85% used streaming as their primary method, compared to
Kamalzadeh et al’s 2012 study where 61% reported they did not
use online music services. Spotify was the dominant provider
(80% of respondents), whilst Pandora was commonly used by a
slightly older demographic. We explored whether differences in
users’ listening behaviour influenced their survey responses in
other sections but found no clear patterns. Full results are included
in supplementary material.

4.2 Users’ Music Data Interests

Based on responses to survey section C (§3.1), we report users’ data
interests in 4 key areas of music consumption, each of which is
broken down into several constituent features: Artist (age, nation-
ality...), Track (duration, release date...), Album (genre, number
of tracks...), and Listening Session (duration, number of artists...).
The first 3 areas encompass information directly related to the
music, whilst listening sessions cover how a user consumes this
music. Unlike prior work(§2) these findings are not reporting the
consumption behaviour of users but instead focus on the prefer-
ences recorded by users into data that is most interesting to them
in the context of learning more about their listening history.
We present the pertinent Takeaways below, labelled T1 - T9 for
later reference.
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Figure 7: General interest in areas of music consumption.

These takeaways can offer a starting point for future research
to explore why these data points are of most interest to users and
whether they align with the abstract insights that users seek from
their data (§5). Furthermore, they can also be used to inform the de-
sign of tools (both episodic and exploratory) for presenting insights
into users’ listening behaviour to users.

T1 - Users are most interested in information pertaining to Artists
and Tracks. Conversely, users expressed less interest in albums and
listening sessions (Fig. 7). This may be indicative of how streaming
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as users’ primary form of consumption has led to less focus on
album listening - the primary form of consumption in CD or vinyl
form — and more focus on curated, personalised playlists[3, 14].

T2 - People Love Genre. Across all areas we see genre routinely
rated positively. It was the most popular attribute in all of the
core areas: Artist (u = 4.32), Track (u = 4.49), Album (u = 4.43),
and Listening Sessions (¢ = 4.19), echoing the findings of the
Kamalzadeh survey[31].
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Figure 8: Interest in different aspects of Musical Credits.

T3 - People are more interested in creators than distributors. 27
participants indicated interest in Musical Credits associated with
a Track or Album and were subsequently asked which credits
they were most interested in. Fig. 8 shows an increased interest
in those directly involved in the creation or recording of music
(musicians, producer, lyricists, composers) whilst those responsi-
ble for distribution or management (mixers, studio, record label,
publishers) scored much lower.
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T4 - People like general, summary information. Approximately
half of participants indicated they had more than neutral interest
in either Musical Features or Credits. In contrast, we saw very
positive reactions to general information, such as listening session
duration (u = 4.04), number of tracks (u = 4.02) or artists (¢ = 4.00).
We saw a decreased level of interest surrounding specific data
relating to listening such as the time of day they were listening
(4 = 3.17) or the day of the week (u = 2.98).

T5 - People care how fast a song is, not whether it’s sad or not. 28
respondents indicated their interest in Musical Features related to
a Track and were asked which features they found most interesting.
Tempo (¢ = 4.43) was the only feature that received significant
amounts of positive interest, with one user indicating neutral, and
the rest interested or very interested (next highest average: musical
key u = 3.96). Features relating to emotional sentiment of music
(valence (i = 3.68) and mode * (4 = 3.64)) were of much lower
interest.

T6 - People are interested in words (kind of). Compared to the
other conditional questions (Musical Features, Musical Credits),
interest in Lyrics was significantly higher, with 40 participants
indicating they were at least ‘interested’ (1 = 4.0). However, interest
in specific information relating to Lyrics was lower ranging from
1 = 3.18 (lyric repetitiveness) to p = 3.78 (lyric sentiment).

T7 - Context is polarising. Some of the responses relating to
specific listening context (e.g.: the weather when they listened)
attracted the most polarising responses, with few users neutral,
and peaks of interested and not interested. Some of this disparity is

“Whether the track is in a major or minor key.
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Figure 9: Average difference in rating between ST and CU users for each of 79 features. Green bars indicate statistical significance
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Figure 10: Comparison of mean interest in attributes related to Listening Sessions for STs and CUs

explained by ST user differences (T9) but can be contextualised by
considering the wide range of contexts reported in §4.1 where not
every context is relatable to every respondent.

4.3 ST Differences

We compared and contrasted how the data interests of ST users —
defined in §3.4 - differed from CUs. To do this, we compared the
mean responses of ST respondents to CUs. Although this work
is still exploratory in nature, we performed independent t-tests
to check for statistical significance across all 79 of the different
features we investigated. Full results are included in supplemental
material; here we report some high-level takeaways. Where the
difference was found to be statistically significant, we make this
clear in the writing.

T8 - Self-Trackers are generally and specifically more interested.
Across all 79 features we saw elevated mean responses in 61 (Fig. 9)
for ST users compared to CUs with 9 of these being statistically
significant.

We found that STs had markedly increased levels of interest in
many of the more specific aspects. In the case of musical features
this increase was significant (ucy = 3.00, yst = 3.81, t(51) =
2.29, p < 0.05) and marginal for musical credits (ucy = 3.04,
usT = 3.38, t(51) = 1.00, p = 0.3) indicating that ST users might be
more interested in learning about specifics. In addition, we saw
a significant jump in interest in the repetitiveness of lyrics
(pcu = 2.68, usT = 3.62, t(38) = 2.84, p < 0.01) as well as marginal
for the size of vocabulary (ucy = 2.95, pst = 3.38, t(38) = 1.07, p
= 0.29) showing an inclination for ST users to analyse behaviour
through quantification and understanding patterns.

We speculate that the reason for this increase in interest may
be due to a generally increased investment in data. Our ST users
all indicated tracking behaviour in some domain and therefore are
likely to have interacted with data in these domains. This could
indicate an inclination to consider data features that other users may
not have. In addition, involved interaction with data in their other

self-tracking behaviours could also suggest higher data literacy in
general.

T9 - ST Users are much more interested in Listening Sessions
and Context. The most striking takeaway from our analysis of
ST users was that of the 9 features that showed a statistically
significant increase in interest, 7 of these fell within the Listen-
ing Sessions area where every field showed an elevated interest
for STs and the difference being statistically significant for the
number of tracks(t(51) = 2.37, p < 0.05), genres(t(51) = 2.31, p
< 0.05), skipped songs(t(51) = 3.69, p < 0.001), time of day of
listening(¢(51) = 2.80, p < 0.01), whether the user was exercising
(t(51) = 2.77,p < 0.01), what the weather was(t(51) = 4.38, p <
0.001) and the user’s personal mood(#(51) = 3.23, p < 0.01).

In particular, the large jump in interest in context-specific at-
tributes (weather, personal mood, exercising) also reflects ST and
QS users’ desire to compare and contrast how other aspects of
their life impact their music listening behaviour. One of the largest
observed differences in means was detected for users’ interest in
how often they skipped songs (ucy = 3.3, pst = 4.2, t(51) = 3.69,
P < 0.001), highlighting STs’ interest in behavioural habits beyond
just the music that they consumed.

We posit that this elevated interest may again be due to ST users’
increased exposure to data across domains. Prior work has discussed
how self-tracking often propagates across multiple domains[38, 46],
and the data points that are associated with music listening sessions
have the potential to inform users’ behaviour in other aspects of
their lives. For example, understanding location that they have
listened in or the time of day can inform their understanding of
their daily rhythms which may be complemented by their existing
self-tracking practices.

Taken together, these results clearly indicate that ST users are
more interested in areas of music listening history providing further
insight into their behaviour, specifically information connected to
a broader context, both internally and externally.
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Though the nature of this work is still exploratory, and we en-
courage future work to more rigorously examine these differences,
this finding suggests that there are measurable differences in
how CUs and STs value data related to their listening habits.

5 An Information Space of Music Listening
Insights and Information Seeking Desires

While §4 focuses on takeaways gained from primarily Likert-style
responses related to users’ data interests, here we investigate the
abstract insights that users sought based on analysis of their free-
form text responses provided in survey section A as discussed in
§3.1. These abstract insights can be leveraged in the design of tools
to further support reflection on users’ listening history and to drive
research to examine what information users want to learn about
themselves from their music listening behaviour.

The insights were elicited at the start of the survey to avoid
influencing users’ opinions with the survey content itself. Partici-
pants were also given the option to record any additional insights
at the end of the survey. In total, we recorded 236 insights from
60 participants, with a maximum of 15 from one participant (p59).
More than 90% were recorded at the start of the survey. We anal-
ysed these responses as detailed in §3.1 and established a consistent
set of 29 codes and a further classification utilising themes and
subthemes. The prevalence of these themes can be seen in Table2
and full descriptions can be seen in the codebook in supplemental
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material. From this qualitative analysis we generated an informa-
tion space summarised in Fig. 11 to represent the kinds of insights
users wanted to learn about their music listening behaviour.

5.1 Overview of the Information Space

Key elements of the information space include (i) the User (Fig. 11-
@) as an agent who has access to All Available Music (Fig. 11-®);
(ii) the collection of tracks they listen to over a set period of time
- Listening Corpus (Fig. 11-©); and (iii) their interactions over
time with this corpus — Music Listening History (Fig. 11-®).

We found that users’ information needs and desires fell broadly
into two categories: Factual and Behavioural, where Factual in-
sights(Fig. 11-®) refer to wanting to know factual information
about the composition of their Listening Corpus - e.g., p4: “What’s
the average length of the songs I listen to?"; whereas Behavioural
insights (Fig. 11-®) sought to learn about their interactions with
the corpus through their Listening History and personal prefer-
ence — e.g., P9: “At what times of year do I listen more to certain
songs/artists?”

These categories are not exclusive, and in the majority of in-
stances, insights featured both factual and behavioural aspects. For
example, p5: “What albums have I listened to the most?”, seeking
factual information about their listening corpus in the name of
albums, but contextualising it through their behavioural habits by
wanting to know what they had listened to the most.

User's Listening History

Past

Future

ki

fq spuazeq
Hus

g o3nan
ey er019
£q euuain
uus

Aq o8pian

es
83
i
Ze

Behavioural Insights

/Deﬁning Specific
q 5 Artist
Genre Artist Type Demographic
. . Musical .
iy T Features
Factual
Insight Tags Creation
Musical
f Musi
Credits Age of Music

-

o

Self

Change \R

Taste Patterns

M

’

Preference Recurrence

Suggestion [ o o
Statistics
Listening
Behaviour
Non Judge- Comp- Artist
Listening ment arison Info

Others

\

/

Behavioural
Insight Tags
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Table 2: The prevalence of different themes and subthemes in reported insights for all users and ST users

Casual Users ST Users

Theme Subtheme % of Users % of Insights | % of Users % of Insights
Factual 98.3 81.8 100 85.5
Deﬁning 95 67.4 96.3 69.2

Specific 51.7 19.5 55.6 19.7

Creation 20 5.5 14.8 34

Other Listeners 13.3 3.4 14.8 3.4

Behavioural 98.3 83.5 100 85.5
Self 96.7 78.4 96.3 80.3

Statistics 80 43.6 77.8 37.6

Taste 78.3 47 85.2 55.6

Patterns 45 18.2 48.1 19.7

Context 18.3 5.5 18.5 [3

Others’ Behaviour 16.7 6.4 22.2 6

Change 15 4.2 14.8 3.4

5.2 Factual Insights

Factual insights (FI), shown in Fig. 11-(), were primarily concerned
with understanding the composition of users’ listening corpus. They
ranged in specificity from seeking basic, Defining information
about their corpus, such as artist names, to deeper Specific infor-
mation such as artists’ demographic information. Table2 shows
the prevalence of each of these subthemes. Around 20% of users
also indicated their interest in metadata related to the Creation of
music in their corpus, such as musical credits, or track release date.
A further 13% indicated interest in learning about factual insights
related to other listeners. We summarise the key findings related to
factual insights as FI1 - FI3:

FI1 - Genre is King. 75% of all participants had at least one insight
concerned with learning about the genre of music they consumed,
in keeping with T2 (§4.2) and the Kamalzadeh survey[31], implying
users have a deep interest in the broad styles of music they enjoy
(p4: “Which genres do I listen to the most?"). In contrast, less than
10% of users recorded an insight concerned with albums.

FI2 - People DO care about specifics. More than half of respon-
dents indicated they wanted more Specific information about an
aspect of their listening corpus, with 31.7% seeking artist demo-
graphic information (p38: “How many of the artists I listen to iden-
tify as Christians?") and 21.7% interested in specific musical features
(p39: “What’s the average length of the songs I listen to?"). The
increased interest levels for ST users in specifics suggests a desire
for STs to further contextualise their listening corpora and stratify
along other features.

FI3 - Age of Music is prominent. Finally, we saw 92% of insights
in the Creation subtheme were related to understanding how old
the music they were listening to was (p48: “Is there a common time
period of the music I like?"). This is of particular interest as it is
not currently an area that any existing mainstream provider offers
insights on (Table3).

5.3 Behavioural Insights

Behavioural insights (BI), shown in Fig. 11-(®), are split into non-
mutually exclusive categories of insights concerning behaviour
about the Self (reported by 97% of all participants), specific Change
(15%) in behaviour, and about Other (17%) actors’ behaviour.

The Self subtheme can be further subdivided in 4: simple Sta-
tistics (e.g., the amount of time listening); specific Taste of a user;
Patterns or trends in listening; and the Context that they con-
sumed music in.

Many of the behavioural insights are driven not only by the
users’ historical actions through their Listening History - such
as understanding specific patterns of listening — but are also deeply
connected to the User themselves. For example, insights that refer-
ence users’ personal preferences rather than objective consumption
data (e.g. favourite artist vs most-listened to artist). We present the
4 most salient findings as BI1 - BI4:

BI1 - People are obsessed with themselves. Unsurprisingly, we
found that 96.7% of users are interested in learning about their
own behaviour, in contrast 16.7% were interested in the behaviour
of ‘others’; 8.3% indicated explicit interest in comparison of their
behaviour to others. We found that 22% of ST users were interested
in learning about others’ behaviour, compared to 12% for CUs. A
small minority of STs also expressed interest in understanding the
behaviour of artists they consumed, highlighting the ST desire to
contextualise and gather more data about entities they interact with
in order to further analyse their behaviour.

We saw an interesting emergence of Judgement as a specific form
of insight where users would often self-judge their own behaviour
(p24: “Should I expand my music range?") or consider how others
might judge them (p23: “Do I look like I listen to more than one
genre of music?"). This is complemented by our findings of users’
occasional reticence for sharing (§6.2.5).

BI2 - People love statistics. Users were most interested in quan-
tifying their listening with 80% wanting to learn about specific
Statistics related to their listening behaviour (p12: “What is the
average time per day I spend listening to music?") and 71.7% in-
terested in general quantification of their listening — p27: “Most
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listened to artist". This is in fitting with our findings from T4 where
we saw users showed highest levels of data interest in generic and
summary data fields.

BI3 - When is important. More than 30% of users were interested
in learning about the temporal nature of their listening, both short-
term (how it changes over the course of the day) (p13: “Which times
of the day do I listen to the most music?") and long-term (how it
changes over the course of many days, weeks, seasons) (p9: “At
what times of year do I listen more to certain songs/artists?"). This
has also seen some attention from streaming providers’ overviews
which have begun to illustrate Patterns and trends in users’ be-
haviour (§6).

BI4 - Context matters. Finally, we saw interest in understanding
the different contexts users listened in, both external (such as where
they were physically) and internal (such as what their mood was).
A subset of users also expressed interest in understanding when
context drove their listening behaviour (p60: “What music do I
prefer for specific fun/work occasions?") as well as when listening
behaviour influenced their context (p43: “Why do I like songs that
make me cry?").

Within the broader subtheme of Change users additionally
sought to understand when music triggered certain reactions in
them (p59: “Does music control my feelings or thoughts?") indicat-
ing an interest in the impact music can have on their behaviour.
We also observed that users were interested in understanding how
their behaviour may influence the music they listened to and what
they may want to consume in the future.

5.4 A Conceptual Disconnect

To complement our finding in §4.3 that CUs and STs showed in-
dications of differing levels of interest in specific data related to
their listening habits, we also performed statistical tests to ascer-
tain if there were measurable differences between the prevalence
of the different themes reported in Table2. We performed Fisher’s
Exact Tests for each of the subthemes we had identified. Across all
comparisons (n = 11) we found no statistically significant differ-
ences at the p < 0.05 level. This implies that abstract information
seeking desires are similar across CUs and STs.

In combination with this finding, when establishing the space
of insights that users sought, we uncovered a key disconnect be-
tween users’ data interests and abstract insights where users could
identify abstract insights they wanted to gain into their be-
haviour, but struggled to understand the importance of the
underlying data.

The clearest example of this is in BI3 where we observed users
interest in understanding when they listened most often, and in
Table2, we see 45% of all users reported wanting to learn about the
temporal patterns in their listening. In contrast, when indicating
their data interests, the average response for the time of day or day
of the week when they listened to music was one of the lowest
(¢ = 3.17 and p = 2.98 respectively), despite this being a key data
field for understanding temporal patterns.

This effect was even more pronounced when comparing STs’
interest in these data fields to CUs’: Time of Day (ucy = 2.7, st =
3.7, p < 0.01 ), Day of Week (ucy = 2.7, ust = 3.1, p = 0.1). This
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suggests that STs — who have some experience with interacting
with their personal data — may have a deeper understanding of
which fields are relevant compared to CUs lending further credence
to our initial finding in §4.3 that CUs and STs have different
understandings of the importance of data, despite seeking
similar abstract insights.

We saw this effect repeated as users also showed less interest
in the release date of a track (T4) despite a prevalent theme of the
information space being an interest in the age of music consumed
(FI3). Similarly, users were not interested in data related to emo-
tional sentiment of music (T5) but nevertheless discussed wanting
to understand why they listened to happy or sad music (BI4).

This conceptual disconnect between how the underlying data
relates to the insights that users want to gain suggests that even
when users are aware of their available raw data, they may struggle
to accurately translate it into meaningful insights.

6 Do Music Summaries Actually Serve User
Needs?

Having established an understanding of users’ data interests (§4.2)
and abstract insights they want to gain from their listening histories
(§5), we now examine whether existing yearly music summaries
align with what users actually want to learn from their behaviour.

These findings are based on the capabilities of major streaming
providers’ 2023 overviews (Table3) and responses to questions from
survey section E (§3.1). These responses are from 36 participants
who indicated that their primary provider offered a summary of
their usage (27 of these used Spotify as a primary provider). We
also explored barriers that all users faced to engage more deeply
with their full listening data based on responses to section D of the
survey (§6.4).
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Figure 12: Responses and distributions for users’ interests
in insights that existing overviews provide relating to total
listening time

6.1 Existing Summary Content

Through a combination of reading blog posts shared by streaming
companies[20, 32, 49], sampling creators’ uploads of their sum-
maries [42, 45, 59] and the authors’ own summaries, we present the
first (to our knowledge) characterisation of the capabilities of ex-
isting summaries in Table3. We explore the overviews provided by
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Table 3: An overview of the capabilities of existing summaries from the yearly overviews provided in 2023. *YouTube refers to

‘Mood’ and not genre

Spotify Apple Music Tencent Amazon | YouTube Music

Total Listening Time In minutes -

Top Genres Top 1 -

Top Songs Top 5 Top 10 - Top 5
Number of Plays Top 1 Top 10 Top 1
Date First Played Top 1 - -

Playlist of Top Songs

Top Artists Top 5 Top 1 - Top 5
Total Minutes Top 1 Top 1 - Top 1
Percentile of Listener Top 1 - - - 1 of top 5
Listening Streak - - - -

Top Albums - - - Top 5
Number of Plays - - - -
Minutes Listened - - - -

Top Playlists - - -

Time Listened - - - Top 1

the top 5 music streaming providers globally — Spotify, Apple Mu-
sic, Tencent Music, Amazon, and YouTube Music. Together, these
represent 80% of the streaming market[17].

Table3 shows that four of the top five (Spotify, Tencent, Apple,
YouTube) provide a yearly overview, whilst Amazon only provided
a playlist of top songs a user had listened to. All platforms presented
insights as static, non-interactive experiences.

6.2 Capabilities vs User Needs

6.2.1 Big Picture is Still Appealing. In §4.2 and §5 we saw that users
were interested in summary stats based on their data interests
and abstract insights. We found that that they valued the same
approach in their current providers’ capabilities. When asked about
their interest in insights related to ‘total listening time’ offered by
existing overviews we see a clear drop in Fig. 12 from interest in
the standalone summary total listening time stat (u = 4.32) to stats
about comparison (u = 3.77 — 3.79). This pattern is repeated in
other areas such as Artists and Tracks too. This further emphasises
the increased interest in self behaviour (BI1). This is generally
well-aligned with the types of insights foregrounded by existing
summaries via the ‘top lists’ that they provide.

However, since companies like Spotify pioneered yearly
overviews it is hard to separate how heavily influenced participants
have been by the insights they have consumed through several
years of these campaigns. Users have only ever been exposed to
high-level insights so it is hard to know whether or not they are
interested in further info.

6.2.2  Users Want More Granularity. The depth of insight provided
by these summaries is varied, with providers often surfacing higher
fidelity statistics about an aspect of the overview, such as number
of plays for the top song listened to. However, Spotify and YouTube
only offer this deeper insight for the top member of a list whereas
Apple presents in-depth figures for each of the entries in the lists,

often providing 15 items instead of just 5 in comparison. Tencent
offers somewhat deeper detail for Songs (top 10) but doesn’t even
provide more than just the top 1 artist listened to. Spotify consis-
tently has the narrowest scope of factual insights with the lowest
number of elements in the ‘top lists’ and no insights at all for albums
or playlists (as of 2024).

We gauged users’ interest in receiving deeper information for:
just their top song, top 5 songs, or an explorable list indicating how
much they had listened to all of their songs. Repeated across Artists,
Albums, and Playlists we saw very little difference in the levels of
interest across differing levels of granularity. In fact in some cases
(Artists - Minutes listened, Fig. 13) we saw users indicating that
they would be more interested in a full list (¢ = 4.17) than just top
5 (1 = 4.09). These results imply users are happy to engage with
more granular results and want more detail for artists or tracks that
didn’t quite make it to the top of the pile.

Although the depth of the scoping does differ across providers,
they are all still scoped. The overview represents a snippet of a
user’s full history, and there is no ability to dive deeper than the
information decided by the provider.

6.2.3 Users are Curious About Temporal Patterns. As we saw in
BI3 (§5.3) one of the key themes that emerged from users’ abstract
insights was in understanding how their listening habits varied
based on the time of day, day of week, or year-over-year.

For the first time in 2023, some providers introduced some insight
into temporal patterns over the year: Spotify used radial heatmaps
of artist listening over the year; YouTube segmented listening into
curated “seasons"; and Tencent showed the top songs in each season.
However, these views are not explorable and are often stripped
from shareable formats. The Spotify heatmaps were not shareable,
highlighting a common theme where providers often have subtle
differences between the experiential overview (what a users sees
in the application) compared to the shareable overview. This again
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Figure 13: Responses and distributions for users’ interests in insights relating to artists they have listened to

indicates a rigid approach of deciding what users can or want to
see and share.

No summary currently affords users the ability to see any infor-
mation about the time of day at which they listen.

6.2.4 Comparing and Sharing. We also investigated participants’
desire to share their overviews with others. In general, partici-
pants were inclined to share, with 67% of respondents indicating
they would, 22% they would not and 11% unsure. Whilst streaming
providers typically facilitate sharing of overviews to large audi-
ences, and this kind of sharing is often considered effective ad-
vertising campaigns[55], we found users were more interested in
sharing with small, controlled groups of individuals than with the
general public (Fig. 14).

Users also generally indicated interest in comparison but with
some polarisation, with a subset of users actively not interested
in comparison. Similarly to responses on sharing, those interested
in comparison were most interested in comparison to their own
friends (more answers of ‘Very Interested’).

No streaming provider currently directly offers the ability to do
these kinds of comparisons to other users except obtusely through
occasionally indicating the percentile of listener that you fall into,
though never enabling social or friend-based comparisons.

We also repeatedly observed users indicated a desire for self-
comparison — i.e. comparing how much they had listened to one
artist compared to others, or from one year to the next — another
feature not currently offered by any streaming provider.

6.2.5 Unserved and Underserved Interests. A common theme
throughout both the data interests and abstract insights that users
reported was the overwhelming popularity of genre as often the
most interesting aspect to users FI1(§5.2), T2 (§4.2). Despite this,
providers offer little depth into the information surrounding genre
outside of a top list. Moreover, in 2024 Spotify removed insights
related to genre completely from their overviews.

In addition, existing summaries offer no information regarding
specific musical features of the songs they listened to, the age of
the music they consumed, or the context in which they listened,

with all of these being just some of the additional areas of curiosity
we uncovered throughout our survey - (FI3,T5,BI4).

Finally, although we touched on how Apple takes a slightly more
analytical approach by presenting greater depth (§6.2.2), the theme
of lack of agency is further emphasised through YouTube, Spotify
and Tencent’s attempts to capture less quantifiable aspects of lis-
tening such as ‘listening personalities’[49] or creating personalised
album covers[32] and ‘art exhibitions’ [20], leading towards an
emphasis on aesthetically pleasing, but ultimately static graphics
presenting narrative reflections of data instead of facilitating the
user exploration and curiosity that we have uncovered through our
work.

Count

Individuals Small Group Larger Group Anyone Other Nobody
(private chat) (private
instagram)
share_who

Figure 14: Who users were interested in sharing their
overviews with

6.3 2024 Updates

Our findings and characterisation are based on the yearly overviews
provided in 2023 as this is when we surveyed our users. We pro-
vide an updated characterisation table for 2024 in supplementary
material using the same techniques[2, 11]. In general, there has
been minimal change in the depth or breadth of insights offered,
although Amazon now offers an overview for the first time. As
noted above, the amount of information that Spotify provides has
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shrunken even further, providing no information on genre which
we found to be a consistent favourite of consumers.

6.4 Barriers to Accessing More Information

Having seen that existing summaries only partially satisfy the
interests of consumers (§6), we sought to understand what barriers
exist to users engaging more fully with their music listening history
in section D of the survey (§3.1). Most major providers now make
it possible to download complete listening histories from multiple
years.’

Ultimately, we found that the vast majority (82%) were simply
unaware of the availability to download their full data, 42%
would be interested in accessing it, and 23% indicating they may be
interested. 32% of users who wanted to access their history had no
specific goals in mind and were more interested in exploring.
28% wanted to utilise it to build playlists or look up songs from
certain periods of time.

For those potentially interested, the main reason for reticence
was concern over difficulty accessing and interacting with the data,
a sentiment echoed by users who indicated they were not inter-
ested in accessing. This is tightly connected to the conceptual
disconnect that we outlined in §5.4. Not only do most users face
difficulties with regards to tech literacy in accessing or manipu-
lating the data, but even when they know the abstract insights
that they seek, they struggle to identify the specific data that is of
importance to answer these questions.

All of this culminates in a class of users who are unable to mean-
ingfully engage with their listening history data and suggests that
simply increasing data access alone is insufficient. Summaries and
future research must help bridge the gap between data and insight
for more casual users.

7 Expanding Personal Informatics

Throughout this paper we have explored the domain specific
aspects of users engaging with their personal data in the context of
music listening by exploring their data interests (§4), the abstract
insights §5 that they sought, and the ability of existing summaries
to meet these desires (§6). In this section we explore how these
findings could potentially be applied more broadly to personal
informatics to expand its reach in terms of domain, users, and
use cases. This discussion is intended to be forward-looking and
challenge the norms of existing PI models. It is designed to offer
directions for future work to investigate and apply these concepts
more rigorously.

We begin by first outlining how the information space we intro-
duced in Fig. 11 could relate to other domains with similar charac-
teristics. We then offer a provocation which proposes how existing
frameworks can be updated, shifting their focus to account for dif-
ferent users and use cases in domains that are not necessarily as
aligned with the traditional focus of personal informatics.

Shttps://support.stats.fm/docs/import/spotify-import/
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7.1 Applying the Information Space to Other
Domains

In §2 we detail how the concepts we focus on in this work (Casual
Users, Passive Data, and Episodic Reflection) are not unique to
the domain of music listening. Complementing this existing work,
here we discuss a potential shift in personal informatics, where
users who have not typically engaged with their personal data begin
to interact with data they may not even be aware was recorded as
a result of (i) the rise of periodic summaries generated by service
providers and (ii) collection of data with no additional burden on
the user.

We have shown through our work that users - both casual and
with self-tracking tendencies — have a desire to gain insights from
this passively collected data in the music listening domain that goes
beyond what is offered in existing overviews. Here we illustrate
how the information space that we introduced in Fig. 11 could be
applied across a range of domains that share similar characteristics.

In Table4 we outline how the core concepts from our informa-
tion space — the corpus (complete set of recorded data), history
(temporal interactions with the corpus), and the user (intrinsic
data about the self) could be applied to explore both factual and
behavioural insights across multiple domains.

In our additional example domains of fitness, financial, and
screen-time tracking we detail how the three key foci of this paper
are also present:

Casual Users. Prior work in the fitness domain[58] has detailed
a diverse range of user involvement, from Casual Users - such
as those who utilise wearables but don’t engage with the captured
metrics — to more committed users who manually record workout
data. We suggest that our specific CU and ST distinction may help to
articulate these differences in future work beyond music listening.

Passive Data. Automatic recording and the shift to off-device
storage means that passive data is also prevalent across many
activities: financial transactions, location traces, and screen-time
usage are frequently captured as by-products of the activity them-
selves. Prior work has touched on this automatically collected data
and how it co-exists with more intentional forms of data collection
[6, 36], but users or domains where this is their only form of data
collection remain under-studied.

Episodic Overviews. Across these domains, provider-curated
episodic overviews have become increasingly popular[16] and we
list examples in Table4. The temporality and interactivity of these
overviews is often variable with the fitness tracking app Strava
offering yearly and monthly overviews[50] often coinciding with
the kinds of behavioural insights users might seek, whilst also
offering factual insights into historical best efforts. In contrast,
screen-time reviews are often weekly and allow a greater amount
of interactivity and exploration.

We saw that CUs in our study exhibited a conceptual disconnect
between understanding the value of specific data — §5.4 — and that
users were unaware of even being able to access their data - §6.4. As
a result, these provider-curated overviews increasingly represent
CUs’ only interactions with their data and their awareness of what
is available. Our information space can help to make sense of these
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Table 4: An overview of how our information space and concepts can be applied to other domains

Domain Data Corpus Histor Factual Behavioural Episodic
Collection P y Insights Insights Overviews
Typically exclusively .
Music passive collection by Library of music  Stream of songs Who is my top What time of day do Spotify eripped
. R . R . ] . Apple Music Replay
Listening  music streaming consumed listened to artist? I listen most?
. YouTube Recap
providers
Combination of passive
. metrics (e, hetarAtArate) All completed Stream of Wh?rg . . Do I swim faster in Strava Year in Sport
Fitness and manually-initiated o and when activities What is my best 5k time? .
. fitness activities summer? Apple Fitness Trends
data (e.g. recording were completed
specific activities)
Fully passive record Credit Card Spending
of all transactions with Categories
card or account. Mixed Spending flow
. . user-initiated and . pencing How much have I Am T hitting my Budgeting App
Financial All transactions  over time, balance .
system-supported . saved total? budget every month? Overviews
. after each transaction
tracking through
spreadsheets and Loyalty Card

tracking apps
Almost exclusively
passively collected
by phone operating
system - manual

Time spent per
app or category,
notifications,
unlocks

Day-by-day /

Screen-Time
hourly usage

tracking cumbersome

data interactions and support the design of systems that provide
richer insight opportunities, especially for CUs.

The concepts and information space may provide a language for
helping to describe diverse user types and interaction modes across
passive-data domains. Prior PI work has explored how exploratory
representations can support deeper forms of reflection[8, 26], how-
ever narrative overviews tend to constrain users’ ability to ask
questions of their own data. Driven by our findings in the music lis-
tening domain, we argue that narrative overviews largely do not
afford users the curiosity and exploration that they desire.

7.2 A Provocation: Rethinking Frameworks for
Passive, Casual, and Episodic Personal
Informatics

As discussed in §2, existing models of personal informatics (Fig. 2)
have richly characterised how QS users engage with their data, es-
pecially focusing on the early stages of the data lifecycle (Collecting,
Integrating). However, these models presuppose active, intentional
tracking, direct interaction with data and frequent, cyclical en-
gagement.

Choe et al’s 2015 work investigated the later stages (Reflecting
and Acting) by deriving a characterisation of the kinds of visu-
alisation insights QS users sought from personal data[7]. These
findings were based on insights users had already discovered
directly linked to their data and were presenting at QS meetups.
This aligns with broader research that examines different forms of
reflection[26] and the impact of interactivity and exploration on
this reflection[8]. However, this relies on a user having access to
their data and the agency to be able to explore it.

In contrast, our work surfaces an emerging and under-examined
class of data interactions: those involving casual users engaging
with passively collected data through episodic, system-driven

Yearly Overviews

How much do I Weekly report from
What is my most used app? use my phone phone operating
during the evening?  system

overviews. These users often do not actively seek data about their
consumption and may be unaware of data being recorded in the
first place. This is evidenced in our study by 82% of users being
unaware of the availability of their data (§6.4). We posit that for
many users in music listening and beyond, the first time they are
aware of the existence of this data is when presented with a curated
overview with no ability to explore or query beyond the narrative
confines of this summary.

This shift presents a challenge to existing frameworks as these
users and use cases do not fit into the existing understanding of fre-
quent iterative engagement with data with often clear goal-oriented
outcomes[23, 35]. We have shown through the lens of music listen-
ing that casual users do seek abstract insights into their behaviour
but lack the ability to satisfy their curiosity due to a multitude of
factors. Moreover, there is minimal understanding of how these
users even conceptualise their data interactions and whether they
impact them outside of the experiential aspect of viewing their sum-
maries. These users and use cases are not edge cases. In addition,
prior research has shown that CUs do not want to engage in active
self-tracking behaviour[44], and even dedicated self-trackers suffer
from issues of abandonment[1] and lapsing in tracking[23]. As the
data landscape continues to evolve, particularly the prevalence of
passive and ambient data collection, the need to more clearly un-
derstand how, why, and if, users engage with their personal data is
growing,.

We therefore offer a provocation: Current frameworks are insuffi-
cient for describing a significant and growing class of personal data
experiences. New or augmented frameworks should centre data inter-
action itself, particularly for casual users navigating often large and
unfamiliar personal datasets.

The progression of frameworks towards a more involved ‘lived’
sense of personal informatics[46] enabled a broadening of the un-
derstanding of users who tracked and how they engaged with and
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Figure 15: Our proposed augmentation of Epstein et al’s lived informatics model of Personal Informatics illustrating differences
exemplified by (D - QS Users’ interactions with the stages using traditional manually recorded data ,2 - QS/ST Users’ stage
interactions with passive data, 3 — Casual Users’ stage interactions. The circled letters are referred to throughout the text.

learned from their personal data. Our provocation intends to build
on this trajectory to further expand the audience of personal infor-
matics to those who don’t consider themselves trackers at all. Rather
than proposing a definitive model, we intend this as an invitation
to broaden PI’s focus to include curiosity-driven, provider-initiated,
and episodic data interactions. We outline five specific Distinctions
that emerged through our work and illustrate them in Fig. 15.

D1 - Active vs Passive Engagement: Prior models assume ac-
tive engagement with data tracking practices, such as deciding to
track, configuring tools, and managing data [23, 35]. In contrast, our
users’ music listening data is primarily passively collected, often
without prior awareness or user intention to track (§6.4- 82% of
users unaware of data), and surfaced only later. In §7.1 we outline
how this extends beyond just the music listening domain. More-
over, in Fig. 15 we speculate how this impacts users’ interaction
with existing models and illustrate with Fig. 15-@ how passively
produced data can result in a greater availability of data, as col-
lection does not rely on conscious initiation from the user, further
broadening the potential data interactions from all types of users.

D2 - Lifecycle Engagement: We argue that casual users (Fig. 15-
(®) - such as those we observed in our study - do not engage
with early lifecycle stages (e.g., collection, integration). In fact, even
deciding to engage with their data is often system-driven. Often
their only point of contact is reflection and possibly action prompted
by a yearly summary.

D3 - Episodic vs Continuous Engagement: Existing frame-
works emphasise QS users’ frequent, iterative interaction with their
data to refine tracking habits over time (Fig. 15-®)[23, 35]. In con-
trast, CUs may interact only intermittently — sometimes only once a

year. In contrast to previous work which has looked at user-driven
episodic interaction[27], we explore the cases where these interac-
tions are initiated by the provider (Fig. 15-©) and afford the user
limited agency.

D4 - Curated vs Curiosity-Driven Insights: Choe et al’s
characterisation[7] focuses on already curated data and the pre-
sentation of insights that these users have already discovered
through hands-on exploration. We highlight this by showing where
in existing models these were elicited — Fig. 15-®). In contrast, in
our study we captured the curiosity of CUs in the music listening
domain to understand their uncertain past behaviour as they
have no history of tracking their behaviour (Fig. 15-®). This high-
lights the benefit of potentially augmenting these existing models
to better understand and explore how passive data and episodic
overviews can complement traditional quantified self users’ prac-
tices and tracking habits.

D5 - Data Exploration vs Processed Insights: Finally, prior
work has focused on the insights that QS users were able to uncover
about their behaviour during the Reflection or Action stage due to
directly exploring their data[7, 8, 26]. In contrast, our users are
limited to the pre-processed insights provided to them in yearly
overviews which provide no ability to fully explore the level of
curjosity we elicited in our study. We illustrated in §6 how existing
music listening summaries fell short for the users we surveyed
and theorise this could also impact multiple other domains as we
speculated in §7.1.

These distinctions suggest a need to augment and adapt existing
frameworks especially to better describe Casual Users and those
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who exclusively engage with passively-recorded data. Rather than
centring only on engaged, motivated trackers, new frameworks
should also account for a broader understanding of personal data
interactions and for users who lack agency over their data and
rely on system-driven, episodic overviews as their only form
of reflection. They should account for those who stumble upon
personal data and may be surprised, intrigued, or confused by what
they find. Whilst these users differ markedly from dedicated self-
trackers, incorporating both within a shared PI model would allow
deeper understanding of these periodic interactions which are not
exclusive to CUs. Moreover, it would highlight where existing mod-
els assume sustained intentionality and engagement and facilitate
an understanding of the interaction and influence of a range of
engagement approaches.

Our information space (§5) contributes a step in this direction, de-
coupling data management from insight discovery, and foreground-
ing how people engage with existing records of personal behaviour.
We argue this shift is essential for broadening the accessibility of
personal informatics and designing for casual, curiosity-driven
engagement with passively recorded data.

8 Limitations & Conclusion

In this paper, we investigated the ways that the domain of music
listening can pave the way for reshaping users’ data engagement
in the field of personal informatics, particularly focusing on ca-
sual users and passively collected data and how these differ from
existing understandings of this space. We made domain specific
contributions establishing users’ specific data interests as well as
the abstract insights they sought from their music listening before
contrasting these information needs with existing summaries and
exploring barriers to access that users faced for accessing further
information.

Furthermore, we highlighted differences between CUs and STs
and explored broader implications for personal informatics re-
search by describing how existing frameworks for describing QS
users’ insights fall short for CUs, passively collected data, and
episodic overviews. We illustrated how our information space could
be applied to alternative domains and the paper culminated in a
provocation detailing the need for the augmentation of existing
models to account for the shifting landscape of passively collected
data and the proliferation of episodic overviews.

We note some limitations of our work. In particular, the insights
elicited in §5 are likely non-exhaustive as we only required users
to record 3 insights. Whilst we attempted to achieve saturation
(Fig. 3) it is still likely that the quoted percentages are under-
estimates of the interest in different themes. In addition, some of
the sub-theme codes may be skewed as we saw a large number of
respondents indicate their interest in “What is the gender balance
of artists I listen to?" in almost an exact copy of one of the example
insights we provided. However, only a handful of users re-used the
other 3 examples we provided, implying although interest in artist
demographic may be inflated, it is still a genuine interest.

We endeavoured to recruit a representative sample, ensuring
gender balance, a distribution of race, and education level. Nonethe-
less, all our participants were recruited from within the United
States, and thus we can not draw generalisable conclusions to other
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populations. We urge future work to explore these themes on a
larger scale and a more diverse geographic distribution of users.

Another limitation of this study was that our operational defini-
tion of STs is based on tracking behaviour in non-music domains.
In §3.4 we explain the rationale for this due to the scarcity of music
listening tracking behaviour in both our survey population and
existing literature. Specifically recruiting users who did track their
music listening data may have facilitated a more informative com-
parison. However, prior work has shown that users’ self-tracking
behaviour often expands across multiple domains and can also be
reflective of their general data literacy[38] and this is reinforced by
the fact that we still detected measurable differences between our
two user groups - §4.3. Nevertheless, our findings should still be
interpreted with the understanding that our ST/CU distinction cap-
tures general self-tracking orientation rather than music-specific
tracking.

In addition, it is likely that some of these participants may reach
the threshold of Quantified Selfer but we did not sufficiently query
their data engagement habits to establish this. This may have al-
lowed us to draw even stronger conclusions regarding the dif-
ferences between QS users and CUs, however we were still able
to make broader comparisons by utilising our distinction of Self-
Tracking user throughout this paper.

In future work, we hope to investigate how the domain of music
listening sits in a unique space within personal informatics. De-
spite the personal nature of the data, users still expressed interest
in engaging with their data and sharing it (§6.2.5). We envisage
leveraging this position, and the broad appeal of music listening to
a wide range of users to explore further questions core to personal
informatics — such as how to present temporal, bursty data, and
how to engage casual users in the data curation process.

We hope this work and the information space we introduce acts
as a foundation for considering how the changing landscape of
data availability, data practices of QS and ST users, and the lessons
from the music listening domain can inform how we approach
data engagement for casual users in the broader field of personal
informatics.

References

[1] Christiane Attig and Thomas Franke. 2020. Abandonment of personal quan-
tification: A review and empirical study investigating reasons for wearable ac-
tivity tracking attrition. Computers in Human Behavior 102 (2020), 223-237.
d0i:10.1016/j.chb.2019.08.025

[2] Artie Beaty. 2024. Amazon Music unveils 'Delivered, a Spotify
Wrapped-style summary of your listening.  ZD Net (2024). https:
//www.zdnet.com/article/amazon-music-unveils- delivered-a-spotify-
wrapped-style-summary-of-your-listening/

[3] Gurpreet Bhoot. 2017. Music Industry Sales: How streaming services such as Spo-
tify, Apple Music and TIDAL affect album sales. (2017). https://digitalcommons.
calpoly.edu/joursp/90/ Senior Project, Department of Journalism, California
Polytechnic State University, San Luis Obispo, CA.

[4] Alex Bowyer, Jack Holt, Josephine Go Jefferies, Rob Wilson, David Kirk, and
Jan David Smeddinck. 2022. Human-GDPR interaction: practical experiences
of accessing personal data. In Proceedings of the 2022 CHI Conference on Human
Factors in Computing Systems. 1-19. doi:10.1145/3491102.3501947

[5] Virginia Braun and Victoria Clarke. 2012. Thematic analysis. American Psycho-
logical Association.

[6] Eun Kyoung Choe, Saeed Abdullah, Mashfiqui Rabbi, Edison Thomaz, Daniel A.
Epstein, Felicia Cordeiro, Matthew Kay, Gregory D. Abowd, Tanzeem Choudhury,
James Fogarty, Bongshin Lee, Mark Matthews, and Julie A. Kientz. 2017. Semi-
Automated Tracking: A Balanced Approach for Self-Monitoring Applications.
IEEE Pervasive Computing 16, 1 (2017), 74-84. doi:10.1109/MPRV.2017.18


https://doi.org/10.1016/j.chb.2019.08.025
https://www.zdnet.com/article/amazon-music-unveils-delivered-a-spotify-wrapped-style-summary-of-your-listening/
https://www.zdnet.com/article/amazon-music-unveils-delivered-a-spotify-wrapped-style-summary-of-your-listening/
https://www.zdnet.com/article/amazon-music-unveils-delivered-a-spotify-wrapped-style-summary-of-your-listening/
https://digitalcommons.calpoly.edu/joursp/90/
https://digitalcommons.calpoly.edu/joursp/90/
https://doi.org/10.1145/3491102.3501947
https://doi.org/10.1109/MPRV.2017.18

Spotify Warped

[7] Eun Kyoung Choe, Bongshin Lee, and m.c. schraefel. 2015. Characterizing Vi-

8

[10

[11
[12

(13

[14

(15

[16

(7

[19

[20

[21

[22

[23

[24

[25

[26

]
]
)

]
]

]

]

]

]

]

sualization Insights from Quantified Selfers’ Personal Data Presentations. IEEE
Computer Graphics and Applications 35, 4 (2015), 28-37. doi:10.1109/MCG.2015.51
Eun Kyoung Choe, Bongshin Lee, Haining Zhu, Nathalie Henry Riche, and Do-
minikus Baur. 2017. Understanding self-reflection: how people reflect on personal
data through visual data exploration. In Proceedings of the 11th EAI International
Conference on Pervasive Computing Technologies for Healthcare (Barcelona, Spain)
(PervasiveHealth ’17). Association for Computing Machinery, New York, NY, USA,
173-182. doi:10.1145/3154862.3154881

Eun Kyoung Choe, Nicole B. Lee, Bongshin Lee, Wanda Pratt, and Julie A. Kientz.
2014. Understanding quantified-selfers’ practices in collecting and exploring
personal data. In Proceedings of the SIGCHI Conference on Human Factors in Com-
puting Systems (Toronto, Ontario, Canada) (CHI ’14). Association for Computing
Machinery, New York, NY, USA, 1143-1152. doi:10.1145/2556288.2557372
James Clawson, Jessica A. Pater, Andrew D. Miller, Elizabeth D. Mynatt, and
Lena Mamykina. 2015. No longer wearing: investigating the abandonment of
personal health-tracking technologies on craigslist. In Proceedings of the 2015 ACM
International Joint Conference on Pervasive and Ubiquitous Computing (Osaka,
Japan) (UbiComp ’15). Association for Computing Machinery, New York, NY,
USA, 647-658. doi:10.1145/2750858.2807554

ColeFrosty. 2024. Reacting to My 2024 Apple Music Replay. Youtube.
//www.youtube.com/watch?v=31paV7jcVBg

John W Creswell and Cheryl N Poth. 2016. Qualitative inquiry and research
design: Choosing among five approaches. Sage publications.

Robin Cura, Amélie Beaumont, Jean-Samuel Beuscart, Samuel Coavoux, Noé
Latreille de Foziéres, Brenda Le Bigot, Yann Renisio, Manuel Moussallam, and
Thomas Louail. 2022. Uplifting Interviews in Social Science with Individual Data
Visualization: the case of Music Listening. In Extended Abstracts of the 2022 CHI
Conference on Human Factors in Computing Systems (New Orleans, LA, USA) (CHI
EA °22). Association for Computing Machinery, New York, NY, USA, Article 23,
9 pages. doi:10.1145/3491101.3503553

Hannes Datta, George Knox, and Bart ] Bronnenberg. 2018. Changing their tune:
How consumers’ adoption of online streaming affects music consumption and
discovery. Marketing Science 37, 1 (2018), 5-21. doi:10.1287/mksc.2017.1051
Chad De Guzman. 2023. Your Complete Guide to Spotify Wrapped, 2023. Time
Magazine (2023). https://time.com/6340656/spotify-wrapped-guide-2023/
Grace Dean and George Sandeman. 2024. ’It’s bragging without the selfie’ - The
rise of Spotify Wrapped and its copycats. BBC News (2024). https://www.bbc.co.
uk/news/articles/cvg7kxxjzzno

Fabio Duarte. 2023. Music Streaming Services Stats (2023). Exploding Topics
(2023). https://explodingtopics.com/blog/music-streaming-stats

Peter Gregory Dunn, Boris de Ruyter, and Don G Bouwhuis. 2012. Toward a
better understanding of the relation between music preference, listening behav-
ior, and personality. Psychology of Music 40, 4 (2012), 411-428. doi:10.1177/
0305735610388897

Niklas Elmgqvist and Ji Soo Yi. 2012. Patterns for visualization evaluation. In
Proceedings of the 2012 BELIV Workshop: Beyond Time and Errors - Novel Evaluation
Methods for Visualization (Seattle, Washington, USA) (BELIV °12). Association
for Computing Machinery, New York, NY, USA, Article 12, 8 pages. doi:10.1145/
2442576.2442588

Tencent Music Entertainment. 2024. QQ Music’s 2023 annual listening report
design. https://www.uisdc.com/qq-music. Accessed: 2025-12-01.

Daniel Epstein, Felicia Cordeiro, Elizabeth Bales, James Fogarty, and Sean Munson.
2014. Taming data complexity in lifelogs: exploring visual cuts of personal
informatics data. In Proceedings of the 2014 Conference on Designing Interactive
Systems (Vancouver, BC, Canada) (DIS °14). Association for Computing Machinery,
New York, NY, USA, 667-676. doi:10.1145/2598510.2598558

Daniel A. Epstein, Clara Caldeira, Mayara Costa Figueiredo, Xi Lu, Lucas M. Silva,
Lucretia Williams, Jong Ho Lee, Qingyang Li, Simran Ahuja, Qiuer Chen, Payam
Dowlatyari, Craig Hilby, Sazeda Sultana, Elizabeth V. Eikey, and Yunan Chen.
2020. Mapping and Taking Stock of the Personal Informatics Literature. Proc.
ACM Interact. Mob. Wearable Ubiquitous Technol. 4, 4, Article 126 (Dec. 2020),
38 pages. doi:10.1145/3432231

Daniel A. Epstein, An Ping, James Fogarty, and Sean A. Munson. 2015. A lived
informatics model of personal informatics. In Proceedings of the 2015 ACM Interna-
tional Joint Conference on Pervasive and Ubiquitous Computing (Osaka, Japan) (Ubi-
Comp ’15). Association for Computing Machinery, New York, NY, USA, 731-742.
d0i:10.1145/2750858.2804250

Katayoun Farrahi, Markus Schedl, Andreu Vall, David Hauger, and Marko Tkalcic.
2014. Impact of Listening Behavior on Music Recommendation.. In Proceedings
of ISMIR. 483-488. https://archives.ismir.net/ismir2014/paper/000192.pdf

Shan Feng, Matti Mantyméki, Amandeep Dhir, and Hannu Salmela. 2021. How
self-tracking and the quantified self promote health and well-being: systematic
review. Journal of Medical Internet Research 23, 9 (2021), €25171. d0i:10.2196/25171
Rowanne Fleck and Geraldine Fitzpatrick. 2010. Reflecting on reflection: framing
a design landscape. In Proceedings of the 22nd Conference of the Computer-Human
Interaction Special Interest Group of Australia on Computer-Human Interaction
(Brisbane, Australia) (OZCHI ’10). Association for Computing Machinery, New

https:

[27]

[28

[29

[30

[31

[32

(34]

[35

[45

[46

[47

(48

[49

CHI *26, April 13-17, 2026, Barcelona, Spain

York, NY, USA, 216-223. doi:10.1145/1952222.1952269

Nanna Gorm and Irina Shklovski. 2019. Episodic use: Practices of care in
self-tracking. New Media & Society 21, 11-12 (2019), 2505-2521. doi:10.1177/
1461444819851239

Gunnar Harboe and Elaine M. Huang. 2015. Real-World Affinity Diagramming
Practices: Bridging the Paper-Digital Gap. In Proceedings of the 33rd Annual ACM
Conference on Human Factors in Computing Systems (Seoul, Republic of Korea)
(CHI ’15). Association for Computing Machinery, New York, NY, USA, 95-104.
doi:10.1145/2702123.2702561

Donghan Hu and Sang Won Lee. 2024. Exploring the Effectiveness of Time-lapse
Screen Recording for Self-Reflection in Work Context. In Proceedings of the 2024
CHI Conference on Human Factors in Computing Systems (Honolulu, HI, USA)
(CHI °24). Association for Computing Machinery, New York, NY, USA, Article
1029, 14 pages. doi:10.1145/3613904.3642469

Dandan Huang, Melanie Tory, Bon Adriel Aseniero, Lyn Bartram, Scott Bateman,
Sheelagh Carpendale, Anthony Tang, and Robert Woodbury. 2015. Personal
Visualization and Personal Visual Analytics. IEEE Transactions on Visualization
and Computer Graphics 21, 3 (2015), 420-433. doi:10.1109/TVCG.2014.2359887
Mohsen Kamalzadeh, Dominikus Baur, and Torsten Méller. 2012. A survey on
music listening and management behaviours. In Proceedings of ISMIR. 373-378.
http://ismir2012.ismir.net/event/papers/373_ISMIR_2012.pdf

Ayshaw Khan. 2023. Explore Your 2023 Recap on YouTube Music. YouTube
Official Blog (2023). https://blog.youtube/news-and-events/explore-your-2023-
recap-on-youtube-music/

Jin Ha Lee, Hyerim Cho, and Yea-Seul Kim. 2016. Users’ music information needs
and behaviors: Design implications for music information retrieval systems.
Journal of the association for information science and technology 67, 6 (2016),
1301-1330. doi:10.1002/asi.23471

Jin Ha Lee and J Stephen Downie. 2004. Survey of music information needs,
uses, and seeking behaviours: preliminary findings.. In ISMIR, Vol. 2004. https:
//archives.ismir.net/ismir2004/paper/000232.pdf

Ian Li, Anind Dey, and Jodi Forlizzi. 2010. A stage-based model of personal
informatics systems. In Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems (Atlanta, Georgia, USA) (CHI ’10). Association for Computing
Machinery, New York, NY, USA, 557-566. doi:10.1145/1753326.1753409
Deborah Lupton. 2014. Self-tracking modes: Reflexive self-monitoring and data
practices. SSRN Electronic Journal (2014). doi:10.2139/ssrn.2483549

Deborah Lupton. 2016. The quantified self. John Wiley & Sons.

Deborah Lupton. 2016. You are your data: Self-tracking practices and concepts
of data. In Lifelogging: Digital self-tracking and Lifelogging-between disruptive
technology and cultural transformation. Springer, 61-79. doi:10.1007/978-3-658-
13137-1_4

Miro. [n.d.]. Miro Virtual Whiteboard. https://miro.com/. Accessed: 2024-16-01.
Jimmy Moore, Pascal Goffin, Jason Wiese, and Miriah Meyer. 2022. Exploring the
Personal Informatics Analysis Gap: “There’s a Lot of Bacon”. IEEE Transactions
on Visualization and Computer Graphics 28, 1 (2022), 96-106. doi:10.1109/TVCG.
2021.3114798

Conor Murray. 2023.  Spotify Wrapped 2023 Comes Soon: Here’s How
It Became A Viral And Widely Copied Marketing Tactic. ~ Forbes (2023).
https://www.forbes.com/sites/conormurray/2023/11/28/spotify-wrapped-2023-
comes-soon-heres-how-it-became-a-viral-and-widely-copied-marketing-
tactic/?sh=de74b353692d

GMG News. 2023. my 2023 youtube music recap. Youtube. https://www.youtube.
com/watch?v=SMe6usFg]Jsbs

Rémy Poulain and Fabien Tarissan. 2020. Investigating the lack of diversity in
user behavior: The case of musical content on online platforms. Information
processing & management 57, 2 (2020), 102169. doi:10.1016/j.ipm.2019.102169
Amon Rapp and Federica Cena. 2016. Personal informatics for everyday life:
How users without prior self-tracking experience engage with personal data.
International Journal of Human-Computer Studies 94 (2016), 1-17. doi:10.1016/j.
ijhcs.2016.05.006

Stephen Bohna Reacts. 2023. They did it! | My 2023 Apple Music Replay (Reaction).
Youtube. https://www.youtube.com/watch?v=jg9t7aldpw4

John Rooksby, Mattias Rost, Alistair Morrison, and Matthew Chalmers. 2014.
Personal tracking as lived informatics. In Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems (Toronto, Ontario, Canada) (CHI '14).
Association for Computing Machinery, New York, NY, USA, 1163-1172. doi:10.
1145/2556288.2557039

Thomas Schéfer. 2016. The goals and effects of music listening and their rela-
tionship to the strength of music preference. PloS one 11, 3 (2016), €0151634.
doi:10.1371/journal.pone.0151634

Laura South, David Saffo, Olga Vitek, Cody Dunne, and Michelle A Borkin. 2022.
Effective use of Likert scales in visualization evaluations: A systematic review. In
Computer Graphics Forum, Vol. 41. Wiley Online Library, 43-55. doi:10.1111/cgf.
14521

Spotify. 2023. 2023 Wrapped. https://newsroom.spotify.com/2023-wrapped/.
Accessed: 2024-01-16.


https://doi.org/10.1109/MCG.2015.51
https://doi.org/10.1145/3154862.3154881
https://doi.org/10.1145/2556288.2557372
https://doi.org/10.1145/2750858.2807554
https://www.youtube.com/watch?v=31paV7jcVBg
https://www.youtube.com/watch?v=31paV7jcVBg
https://doi.org/10.1145/3491101.3503553
https://doi.org/10.1287/mksc.2017.1051
https://time.com/6340656/spotify-wrapped-guide-2023/
https://www.bbc.co.uk/news/articles/cvg7kxxjzzno
https://www.bbc.co.uk/news/articles/cvg7kxxjzzno
https://explodingtopics.com/blog/music-streaming-stats
https://doi.org/10.1177/0305735610388897
https://doi.org/10.1177/0305735610388897
https://doi.org/10.1145/2442576.2442588
https://doi.org/10.1145/2442576.2442588
https://www.uisdc.com/qq-music
https://doi.org/10.1145/2598510.2598558
https://doi.org/10.1145/3432231
https://doi.org/10.1145/2750858.2804250
https://archives.ismir.net/ismir2014/paper/000192.pdf
https://doi.org/10.2196/25171
https://doi.org/10.1145/1952222.1952269
https://doi.org/10.1177/1461444819851239
https://doi.org/10.1177/1461444819851239
https://doi.org/10.1145/2702123.2702561
https://doi.org/10.1145/3613904.3642469
https://doi.org/10.1109/TVCG.2014.2359887
http://ismir2012.ismir.net/event/papers/373_ISMIR_2012.pdf
https://blog.youtube/news-and-events/explore-your-2023-recap-on-youtube-music/
https://blog.youtube/news-and-events/explore-your-2023-recap-on-youtube-music/
https://doi.org/10.1002/asi.23471
https://archives.ismir.net/ismir2004/paper/000232.pdf
https://archives.ismir.net/ismir2004/paper/000232.pdf
https://doi.org/10.1145/1753326.1753409
https://doi.org/10.2139/ssrn.2483549
https://doi.org/10.1007/978-3-658-13137-1_4
https://doi.org/10.1007/978-3-658-13137-1_4
https://miro.com/
https://doi.org/10.1109/TVCG.2021.3114798
https://doi.org/10.1109/TVCG.2021.3114798
https://www.forbes.com/sites/conormurray/2023/11/28/spotify-wrapped-2023-comes-soon-heres-how-it-became-a-viral-and-widely-copied-marketing-tactic/?sh=de74b353692d
https://www.forbes.com/sites/conormurray/2023/11/28/spotify-wrapped-2023-comes-soon-heres-how-it-became-a-viral-and-widely-copied-marketing-tactic/?sh=de74b353692d
https://www.forbes.com/sites/conormurray/2023/11/28/spotify-wrapped-2023-comes-soon-heres-how-it-became-a-viral-and-widely-copied-marketing-tactic/?sh=de74b353692d
https://www.youtube.com/watch?v=SM6usFgJsbs
https://www.youtube.com/watch?v=SM6usFgJsbs
https://doi.org/10.1016/j.ipm.2019.102169
https://doi.org/10.1016/j.ijhcs.2016.05.006
https://doi.org/10.1016/j.ijhcs.2016.05.006
https://www.youtube.com/watch?v=jg9t7aIdpw4
https://doi.org/10.1145/2556288.2557039
https://doi.org/10.1145/2556288.2557039
https://doi.org/10.1371/journal.pone.0151634
https://doi.org/10.1111/cgf.14521
https://doi.org/10.1111/cgf.14521
https://newsroom.spotify.com/2023-wrapped/

CHI *26, April 13-17, 2026, Barcelona, Spain

[50

[51

[52

[53

[54

]

]

Strava. 2023. Strava Releases Year In Sport Trend Report, Showing What Makes
and Breaks Motivation Across Generations. https://press.strava.com/articles/
strava-releases-year-in-sport-trend-report. Accessed: 2024-01-16.

Alice Thudt, Dominikus Baur, Samuel Huron, and Sheelagh Carpendale. 2016.
Visual Mementos: Reflecting Memories with Personal Data. IEEE Transactions on
Visualization and Computer Graphics 22, 1 (2016), 369-378. doi:10.1109/TVCG.
2015.2467831

Alice Thudt, Bongshin Lee, Eun Kyoung Choe, and Sheelagh Carpendale. 2017.
Expanding Research Methods for a Realistic Understanding of Personal Vi-
sualization. IEEE Computer Graphics and Applications 37, 2 (2017), 12-18.
d0i:10.1109/MCG.2017.23

Marc Torrens, Patrick Hertzog, and Josep Lluis Arcos. 2004. Visualizing and
exploring personal music libraries.. In Proceedings of ISMIR. https://archives.
ismir.net/ismir2004/paper/000214.pdf

Meghan Reading Turchioe, Marissa Burgermaster, Elliot G Mitchell, Pooja M
Desai, and Lena Mamykina. 2020. Adapting the stage-based model of personal
informatics for low-resource communities in the context of type 2 diabetes.

[55

[56

[57

[59

]
]

Davidson et al.

Journal of biomedical informatics 110 (2020), 103572. doi:10.1016/j.jb1.2020.103572
Brand Vision. 2023. Spotify Wrapped Success Through Clever Marketing Tactics.
https://www.brandvm.com/post/spotify-wrap-2023. Accessed: 2024-01-16.
Jordan Wirfs-Brock, Sarah Mennicken, and Jennifer Thom. 2020. Giving Voice
to Silent Data: Designing with Personal Music Listening History. In Proceedings
of the 2020 CHI Conference on Human Factors in Computing Systems (Honolulu,
HI, USA) (CHI "20). Association for Computing Machinery, New York, NY, USA,
1-11. doi:10.1145/3313831.3376493

Yi-Hsuan Yang and Jen-Yu Liu. 2013. Quantitative Study of Music Listening
Behavior in a Social and Affective Context. IEEE Transactions on Multimedia 15,
6(2013), 1304-1315. doi:10.1109/TMM.2013.2265078

Elise Li Zheng. 2023. Interpreting fitness: self-tracking with fitness apps through a
postphenomenology lens. Ai & Society 38, 6 (2023), 2255-2266. doi:10.1007/s00146-
021-01146-8

Zhishan. 2023. Listening to songs report in 2023. Little Red Book. https://www.
xiaohongshu.com/explore/6582bc90000000001502¢20c


https://press.strava.com/articles/strava-releases-year-in-sport-trend-report
https://press.strava.com/articles/strava-releases-year-in-sport-trend-report
https://doi.org/10.1109/TVCG.2015.2467831
https://doi.org/10.1109/TVCG.2015.2467831
https://doi.org/10.1109/MCG.2017.23
https://archives.ismir.net/ismir2004/paper/000214.pdf
https://archives.ismir.net/ismir2004/paper/000214.pdf
https://doi.org/10.1016/j.jbi.2020.103572
https://www.brandvm.com/post/spotify-wrap-2023
https://doi.org/10.1145/3313831.3376493
https://doi.org/10.1109/TMM.2013.2265078
https://doi.org/10.1007/s00146-021-01146-8
https://doi.org/10.1007/s00146-021-01146-8
https://www.xiaohongshu.com/explore/6582bc90000000001502c20c
https://www.xiaohongshu.com/explore/6582bc90000000001502c20c

	Abstract
	1 Introduction
	1.1 Contributions
	1.2 Definitions and Terminology

	2 Related Work
	2.1 Personal Informatics
	2.2 Music Listening

	3 Methodology
	3.1 Survey Design
	3.2 Data Analysis
	3.3 Survey Recruitment
	3.4 Self-Tracking Behaviour

	4 Quantitative Findings
	4.1 Music Listening Behaviour
	4.2 Users' Music Data Interests
	4.3 ST Differences

	5 An Information Space of Music Listening Insights and Information Seeking Desires
	5.1 Overview of the Information Space
	5.2 Factual Insights
	5.3 Behavioural Insights
	5.4 A Conceptual Disconnect

	6 Do Music Summaries Actually Serve User Needs?
	6.1 Existing Summary Content
	6.2 Capabilities vs User Needs
	6.3 2024 Updates
	6.4 Barriers to Accessing More Information

	7 Expanding Personal Informatics
	7.1 Applying the Information Space to Other Domains
	7.2 A Provocation: Rethinking Frameworks for Passive, Casual, and Episodic Personal Informatics

	8 Limitations & Conclusion
	References

