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Abstract
Recommender systems are central to contemporary music listening,
yet their problematic behaviors remain underexplored from the per-
spective of everyday listeners. While prior research has addressed
issues such as bias and diversity, less is known about how users
themselves perceive and interpret these dynamics in relation to
music discoverability. This paper reports on think-aloud interviews
with 20 Italian digital-native listeners, who completed discovery-
oriented tasks while reflecting on algorithmic recommendations.
Thematic analysis revealed three recurring concerns: reinforce-
ment of societal biases, commercial imperatives driving exposure,
and confinement within narrow niches. These findings show how
listeners actively develop folk theories of recommender behavior,
highlighting a tension between algorithmic efficiency and cultural
effects. We contribute empirical insights into user sensemaking of
algorithmic harms, consolidate the use of the Think-Aloud Protocol
as a user-driven auditing method, and outline design implications
for more participatory and equitable music recommender systems.
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1 INTRODUCTION
Music streaming platforms are nowadays the dominant mode of
online music consumption worldwide, with over 800 million sub-
scribers by the end of 2024, generating approximately US$20.4
billion and accounting for 69% of recorded music revenues [47, 94].
Central to the user experience on these platforms are recommender
systems, which algorithmically curate content, suggest new artists,
and personalize listening journeys [39]. Designed to enhance satis-
faction and engagement, their design, implementation, and wide-
spread use have brought out a series of problematic behaviors1
that are today at the center of public scrutiny by scholars, poli-
cymakers, civil society, and practitioners [8]. These behaviors are
closely tied to how recommender systems technically filter, rank,
and optimize content exposure, with direct consequences for which
music becomes discoverable to listeners.

According to the recent review by Hesmondhalgh and colleagues
on the impact of algorithmically driven recommendation systems
on music consumption and production [44], two central issues
are: i) popularity bias, the tendency of recommender systems to
favor already popular artists, thereby amplifying their success and
limiting opportunities for emerging or independent artists; and ii)
demographic bias, the potential for recommendations to privilege
artists from certain categories or nationalities while disadvantaging
others. Closely related in the literature is the concept of fairness,
which in computer science is often framed as the mitigation of
“unwanted bias” through technical approaches, whereas critical
research traditions approach fairness through the lens of justice
and equality. In addition, concerns around diversity, linked to fears
that recommender systems may homogenize musical tastes and
fragment consumption patterns, and the lack of transparency and
oversight, frequently described through the “black box” metaphor,
are also widely discussed among scholars.

Despite growing concern about such potential harms of recom-
mender systems in the music sector, little is known about how
1In line with Bandy [5], we adopt the term “problematic,” conceiving a behavior as
problematic when it causes harm (or potential harm).
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end-users perceive and critically interpret these problematic be-
haviors. Most research on music recommendation has focused on
technical evaluation [83], often overlooking the lived experiences
and folk theories that listeners develop through ongoing interaction
with these systems [19, 88]. Building on recent HCI research on
everyday and user-driven algorithmic auditing [25, 86], as well as
scholarship on algorithmic imaginaries and experiences [4, 11], this
study investigates how problematic recommender system behav-
iors surface in daily use of music streaming platforms and how they
relate tomusic discoverability. We define discoverability as the qual-
ity of being able to be found (e.g., an artist, track, or release) [12], a
notion increasingly emphasized in debates on the impact of recom-
mender systems on cultural and creative sectors [81]. Accordingly,
we are guided by the following research question:
RQ. How do end-users identify and make sense of problem-

atic recommender system behaviors that affect music
discoverability on music streaming platforms?

Our study design builds on the seminal work of DeVos and col-
leagues on user-driven algorithm auditing [25], while diverging
in several key aspects. First, the scenario we investigate differs
from DeVos’s focus on image search. Harmful algorithmic behav-
iors are most commonly documented in search engines, with first
investigations starting in the early 2000s [48], whereas they are
less systematically studied in (music) recommender systems. In
addition, the music sector operates under market logics shaped by
a long-standing industry that predates streaming platforms, where
what may be considered harmful often intersects with opaque pro-
motional practices and platform–industry alignments.2 Finally, the
music sector is subject to a complex and evolving regulatory frame-
work that is adapting to advancements in Artificial Intelligence
(AI), autonomous decision-making, and other algorithmic systems.
This, combinedwith limited oversight and literature on documented
harms, creates a state of legal uncertainty and tension where bound-
aries around what is acceptable versus harmful remain blurred.
Our work aims to bring greater clarity to these boundaries and
contribute evidence from the underexplored domain of music rec-
ommendation.

This paper makes two main contributions to HCI: i) conceptual,
proposing building blocks for participatory auditing ofmusic recom-
mender systems, outlining how listener insights can inform more
accountable and equitable approaches to music discoverability;
and ii) empirical, providing evidence of how digital-native listen-
ers encounter and interpret problematic recommender behaviors,
including the reinforcement of societal biases, the influence of com-
mercial imperatives, and the feeling of confinement in discovery.
The remainder of the paper unfolds as follows: §2 and §3 posi-
tion our analysis of problematic music recommender behaviors
within the broader scholarly and policy landscape; §4 outlines our
methodological approach, including participant recruitment, task
design, and analytical procedures; §5 reports the outcomes of the
thematic analysis, which are further discussed and contextualized
in §6; finally, §7 concludes the paper by summarizing the main
contributions and outlining directions for future research.

2For an overview of the complex network of investments, ownerships, and strategic
acquisitions shaping music and tech, see Cherie Hu, Music Tech Ownership Ouroboros,
2025 Edition [46].

2 BACKGROUND
The next sections situate our study within the broader scholarly
and policy context that informs our understanding of music rec-
ommender systems and their problematic behaviors. We begin by
tracing the evolution of discoverability (§2.1), from its origins in
interface design to its current interpretation as a relational con-
struct linking institutions, industry, and audiences. We then turn
to music discovery in streaming platforms (§2.2), outlining how
platform design reshapes listening practices and users’ attitudes
toward finding new music. We subsequently introduce key mecha-
nisms of algorithmic recommendation (§2.3) that structure content
exposure on these platforms.

2.1 Content Discoverability
The notion of discoverability was first articulated in Norman’s
seminal work [69], defined as the extent to which users can infer
possible actions and how to perform them by simply looking at
an interface. While central in HCI, this design-grounded concep-
tualization slightly diverges from the strand of work on content
discoverability, where, from a cultural policy perspective, discov-
erability is oftentimes framed as a relational construct connecting
institutions, industry, content, and audiences:

“Discoverability weaves its way between audience and
content in a set of complex interactions consisting of
marketing initiatives and strategies, but also public
policies, commercial dealings, rapidly evolving busi-
ness models, innovative technologies, and changing
consumer habits.” [12]

Mazzoli [58] reinforces this view, arguing that discoverability “[...]
concerns how different actors can play a gatekeeper role in the
circulation of content online and exert more or less control over a
user’s journey to content, ultimately influencing what content is
deemed worthy—economically, culturally, or socially—to the final
users.”

Historically, an early attempt to formalize content discoverabil-
ity emerged at the 2016 Discoverability Summit [13], addressing
the transition from broadcast to online platforms and the role of
algorithmic systems [60]. Since then, discoverability has become
an increasingly prominent concern in cultural policy. Examples
include the Franco-Quebec mission on discoverability [97], the re-
port by the Coalition for the Diversity of Cultural Expressions [18],
the work by Mazzoli and Tambini for the Council of Europe on the
discoverability of public-interest content online [59], and the UK’s
Ofcom analysis of discoverability in public service broadcasting
and local TV [73]. Most recently, the European Commission’s study
on cultural diversity and discoverability online [32] confirms the
ongoing institutional relevance of the concept.

While cultural and digital policy perspectives rightly stress dis-
tributed agency and control, our approach aligns with Johnson and
colleagues’ audience-centered work on UK television [49]. There,
discoverability is framed as an audience practice shaped by techno-
logical affordances, default platform behaviors, algorithmic literacy
and imaginary, and ongoing negotiations with technologies, ser-
vices, and content. Such framing resonates with our findings, and
building on this understanding of content discoverability, we now
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turn to its specific manifestations within music streaming platforms
and its relation with listeners’ ability and effort to discover music.

2.2 Discovery in Music Streaming Platforms
With the rise of streaming services, researchers began examining
whether these novel modes of accessing music effectively enhanced
discovery. Leong and Wright’s qualitative study [53] found early
evidence that streaming services offered greater opportunities for
musical exploration. Aguiar’s study on Deezer [1] and Datta and
colleagues’ study on Spotify [22] provide empirical evidence that
streaming platforms became key channels for encountering new
music, partly due to lower search costs and free access. Importantly,
when these studies were conducted (2011–2014), streaming services
were offering, for the first time, legal access to unlimited music,
reframing discoverability as actively shaped by online platforms.

This interest in user attitudes and behaviors toward discovery is
also reflected in research conducted by the platforms themselves. At
Spotify, a team led by Garcia-Gathright conducted a mixed-method
study examining user goals and satisfactionwith discovery-oriented
recommendations [40]. Interviews with Spotify users identified four
common goals: (i) background listening of new music, (ii) listening
for later immersion, (iii) finding music for future listening, and (iv)
active engagement with new music. Spotify researchers have also
revealed that users often discover artists at the intersections or
peripheries of genre clusters [77], a result confirmed by researchers
from Deezer [64].

Together, these works provide clues to the multifaceted nature of
music discovery in online spaces, shaped by diverse user behaviors,
goals, attitudes, and affective responses [71]. They also show the
potential of recommender systems to support exploration when
explicitly designed to do so, as further proven by recent longitu-
dinal user studies by Liang and Willemsen [56] and Porcaro and
colleagues [79]. While this line of research has mostly focused on
analyzing music discovery practices ex post, our study takes a dif-
ferent direction by employing the Think-Aloud Protocol to capture
users’ real-time experiences.

2.3 Mechanisms of Algorithmic
Recommendation

At a high level, contemporary recommender systems rely on multi-
stage pipelines that combine large-scale data processing with ma-
chine learning models to curate and rank content for users. Typ-
ically, these systems separate candidate generation from ranking
[20]. In the candidate generation stage, a relatively small subset
of tracks or artists is typically retrieved from vast catalogs using
collaborative signals (e.g., co-listening patterns, user–item interac-
tions), content-based representations (e.g., audio features, metadata,
or embeddings), and contextual information such as time, device,
or listening context. In the subsequent ranking stage, candidates
are ordered according to predicted user engagement or relevance,
often optimizing objectives such as listening duration, skips, saves,
or retention.

Consequently, discoverability is largely determined by how con-
tent is filtered and prioritized [81]. Collaborative filtering approaches,
for instance, may amplify feedback loops whereby already popu-
lar artists receive disproportionate exposure, thereby reinforcing

popularity bias over time [14]. Similarly, optimization strategies
focused on engagement metrics tend to favor familiar or commer-
cially successful tracks [61], limiting opportunities for emerging,
niche, or less-promoted artists. A related challenge is the trade-off
between exploitation, which maximizes immediate relevance, and
exploration, which introduces novelty to support long-term dis-
covery [17]. Yet, exploration may often be constrained by business
objectives [80], contributing to repetitive recommendations and a
sense of confinement in musical discovery.

Importantly, these behaviors may arise from deliberate design
choices around ranking objectives and data availability [66]. For au-
diting purposes, this matters because problematic behaviors are em-
bedded in system structure and become apparent primarily through
their effects on repeated user interactions. Understanding these
mechanisms helps explain how users may indirectly perceive al-
gorithmic choices through patterns of exposure, repetition, and
omission, without requiring access to internal models or data.

3 RELATEDWORK
Next, we discuss recent scholarship on everyday and end-user al-
gorithmic auditing (§3.1), which highlights how ordinary users
can surface algorithmic harms through situated interactions. Af-
terwards, we introduce the Think-Aloud Protocol (§3.2), the core
methodology of this study, and review its prior applications in
Music Information Research. Finally, we review existing research
on perceptions of problematic behaviors in music recommender
systems (§3.3).

3.1 Everyday and End-user Algorithmic Audits
While traditional auditing approaches often rely on domain experts
[62], recent research from the CHI and CSCW communities em-
phasizes the potential of end-user auditing, where everyday users
actively scrutinize algorithmic behavior to surface biases and harms
that may otherwise remain hidden.

Shen and colleagues [86] demonstrate how end-users, through
routine interactions, can reveal problematic algorithmic behaviors.
Building on this, the work led by DeVos [25] examines the diverse
strategies users adopt when they suspect algorithmic issues. Lam
and colleagues [50] further extend this perspective by proposing a
system that empowers communities to coordinate large-scale inves-
tigations of algorithmic harms, highlighting the potential of collec-
tive action. Moreover, Li and colleagues [55] analyze collaboration
and division of labor in user-led audits, underscoring the social and
organizational dynamics that shape how users collectively surface
harms. At the same time, the work led by Deng [24] explores the
challenges of embedding user-engaged auditing into industry prac-
tice, exposing the tension between theoretical approaches and the
practical realities of making algorithms transparent and auditable
to non-expert users.

Everyday and end-user algorithmic auditing offers several bene-
fits. First, it allows users to surface unexpected or situated issues
that may remain invisible to formal audits, drawing on their lived
and contextual expertise to reveal how algorithmic behaviors affect
different communities in practice [86]. In addition, by engaging
diverse users, these audits can expose both converging and diverg-
ing perspectives, helping developers understand the trade-offs and
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priorities embedded in system design [50]. Moreover, user-driven
audits can foster early detection of harmful behaviors and create
continuous accountability loops between users and developers [24].
However, there are also important limitations. End-user audits de-
pend on users’ motivation, access, and technical literacy, which can
lead to self-selection biases and underrepresentation of marginal-
ized voices [25]. Without company cooperation, data access and
transparencymay remain limited, and as non-technical participants,
users may misinterpret algorithmic outputs or raise spurious claims.
Finally, while user-led audits can highlight harms, they cannot by
themselves resolve structural issues inherent to a system [86].

Collectively, these studies demonstrate that users, even without
technical expertise, can identify and interpret problematic algorith-
mic behaviors through everyday engagement. Our research builds
on this line of inquiry by focusing specifically on how end-users
detect potentially problematic recommender system behaviors af-
fecting music discoverability on streaming platforms.

3.2 Think-Aloud Protocol in Music Information
Research

The Think-Aloud Protocol (TAP) is a qualitative method in which
participants verbalize their thoughts, feelings, and actions while
performing a task, providing a window into otherwise unobserv-
able cognitive processes [30]. By externalizing mental states, TAP
captures decision-making pathways, reasoning, and internal mod-
els, generating rich qualitative data [54]. Despite its strengths, TAP
has seen limited application in Music Information Research (MIR),
which we summarize as follows.

Lee and Price [51, 52] make use of TAP to study user experiences
on commercial music services. In their studies, participants ver-
balized their interactions with known-item searches, playlists, and
recommendations, revealing that listeners often relied on multiple
platforms and were forgiving of service shortcomings. Siles and col-
leagues [87, 88] adapted TAP to investigate how Costa Rican Spotify
users may appropriate the platform. Their studies offer insights into
folk theories, playlist affective reasoning, and algorithmic personi-
fication, discussing algorithmic agency in a Global South context.
Similarly, Cole [19] examined algorithmic knowledge and reflexiv-
ity in a music streaming context, finding that user understandings
often resemble folk theories grounded in lived experience. Instead,
Petridis and colleagues [77] applied TAPwith expert music curators,
who verbalized their exploration and decision-making processes
while engaging with their preferred tools for music information
seeking.

Methodologically closest to the approach in this study, de As-
sunção and Zaina [23] evaluated music discovery on Deezer and
Spotify using five guided TAP tasks focused on satisfaction, cog-
nitive load, and alignment with user preferences. Their findings
revealed that while platforms performed similarly, user satisfaction
and perceived control improved as tasks progressed, emphasiz-
ing the importance of multi-dimensional user experience beyond
algorithmic accuracy. Instead, the study most closely aligned con-
ceptually with our work, by Dinnissen and colleagues [28], employs
TAP to investigate whether giving users insights into the fairness
and diversity of recommendations can promote fairer music selec-
tions. Overall, these studies show TAP’s value in uncovering users’

engagement with music recommender systems and streaming plat-
forms. Building on this foundation, our study applies TAP to explore
end-user algorithmic auditing, specifically targeting perceptions of
problematic recommender system behaviors.

3.3 Perceptions of Problematic Music
Recommender System Behaviors

The growing scholarly interest in problematic behaviors connected
to algorithmically driven music recommendation is reflected in
several recent literature reviews, including the aforementioned
work by Hesmondhalgh and colleague [44], Dinnissen and Bauer’s
work on fairness [26], Ospitia-Medina and colleagues’ review of
biases in music recommender systems [74], and the more recent
study by Carnovalini and colleagues on popularity bias [14]. While
we refer the reader to these works for a comprehensive overview of
the various approaches addressing these issues, in what follows we
concentrate on the strand of literature that examines how people
perceive such problematic behaviors.

Ferraro and colleagues [36] were among the first to investigate
what is considered fair from the artists’ perspective, interviewing a
group of Spanish-speaking musicians. Their findings highlight that
gender balance, promotion of the long tail, as well as control and
transparency, are all perceived as essential elements for achieving
fairness in recommender systems. Building on this work, Dinnissen
and Bauer [27] extended the analysis to Dutch artists, confirming
the earlier findings within a different cultural context. Still focusing
on fairness, Htun and colleagues [45] conducted a user study on
group music recommender systems, showing that perceptions of
fairness may be shaped by individual personality traits. From a re-
lated but distinct perspective, Porcaro and colleagues [78] examined
how listeners assess diversity in music recommendation, showing
that various characteristics of tracks and artists influence perceived
diversity, also exploring the relationship between computational
diversity metrics and user perceptions.

Moreover, Ferwerda and colleagues [37] focused on popularity
bias, investigating whether differences in algorithmic performance
influence users’ experiences. What emerged is that their study
participants did not perceive any significant difference in the popu-
larity of recommended songs or in the fairness of the recommenda-
tions. Ungruh and colleagues [98], instead, examined approaches
to mitigate popularity bias, providing an in-depth analysis of their
impact on user perception. Lastly, Dinnissen and colleagues [28],
still addressing the intersection of popularity bias and fairness,
investigated how granting users greater control over their recom-
mendations could affect their decisions, revealing that users con-
sistently prioritized their musical preferences over fairness-related
values, leading to discrepancies between their expressed support
for equitable treatment and their actual choices.

Even though this strand of literature provides valuable insights
into the perception of problematic behaviors, through the use of
TAP we have been able to capture users’ nuanced, real-time per-
ceptions as they navigated recommendations, offering fine-grained
insights into how these problematic behaviors manifest and are
recognized, a gap that has not yet been fully addressed in existing
research.
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4 METHODS
We conducted qualitative interviews with 20 Italian young adults
and digital-native listeners, applying a Think-Aloud Protocol (TAP)
with discovery-oriented tasks to capture how participants navigated
music streaming platforms and reflected on the recommendations
they encountered. While TAP is a well-established method in HCI
[7], and it has already been applied to algorithmic auditing [25], it
has seen limited application in MIR. Here, we use it to bridge these
domains, demonstrating its potential for surfacing problematic
recommender system behaviors and supporting end-user auditing
practices in the music sector.

4.1 Positionality Statement
Our investigation is shaped by the diverse professional and aca-
demic backgrounds of our research team, all based at public institu-
tions in Southern Europe. We recognize that our shared geographi-
cal and institutional context encourages a critical lens influenced
by recent EU policy debates on algorithmic transparency and audit-
ing. This may differ from perspectives prevalent in other regions
and may, at times, narrow our focus toward EU-centric framings
or solutions. Moreover, as active users of music streaming plat-
forms, we are personally invested in music discoverability. While
this familiarity provides practical insight into common platform
affordances, it also introduces biases linked to our own usage pat-
terns and expectations. Our positionality further reflects the specific
expertise of the authors, combining knowledge in music recom-
mender systems and information retrieval with a strong focus on
HCI and AI ethics. These orientations can create internal tensions,
which we address through ongoing reflexive dialogue. Overall, our
collaborative approach leverages these varied, and occasionally
conflicting, perspectives to enrich our analysis. At the same time,
we acknowledge that our shared European regulatory context and
disciplinary backgrounds shape our interpretation of the data, and
that alternative readings may emerge from other standpoints.

4.2 Recruitment and Informed Consent
The Ethics Committee for Transdisciplinary Research of Sapienza
University of Rome approved the study design, confirming compli-
ance with relevant data protection, legal, and ethical standards.3 A
small-scale pilot studywas conducted in April 2025 to refine the task
definition and to test the data collection process. The main study
ran from May to June 2025. Participants were recruited via Prolific,
an online recruitment service, and compensated at £8.00/hour, con-
sistent with the platform’s minimum pay guidelines. They were
informed of the voluntary nature of their participation, their right
to withdraw at any time, and their rights regarding access, recti-
fication, and deletion of their data. Each participant received an
information sheet detailing the research objectives, methodology,
risks, and benefits, and provided informed consent prior to partici-
pation.

4.3 Prescreening
Participant prescreening followed a two-step process: first, applying
predetermined criteria available on the recruiting platform, and
3Protocol ID: CERT_194BBD0C499. Digital copies of the submitted documentation,
including the ethics and data protection certificates, are available upon request.

second, administering a custom questionnaire for which completion
took approximately 10 minutes. All participants were compensated
regardless of eligibility.

In the first step, participants were selected based on age (18–25),
nationality and country of residence (Italy), and fluency in Italian.
We ensured a balanced distribution by sex assigned at birth but did
not apply other demographic filters. The age restriction targeted
young adult members of Generation Z because it represents the first
generation to have grown up with algorithmically mediated mu-
sic discovery as a normative listening practice, primarily through
streaming platforms and social media [9, 92]. Focusing on a single
generational cohort minimized variability in technological familiar-
ity and listening habits, allowing for a more controlled exploration
of how users make sense of recommender system behaviors.

Moreover, restricting recruitment to Italian participants ensured
cultural homogeneity in language and music industry context,
which facilitated richer qualitative interpretation. This decision
was further informed by evidence of the specificity of the Italian
music industry market, briefly presented in Appendix A. This sam-
pling strategy was thus designed not for generalization, but to
enable an in-depth, culturally grounded analysis of a group for
whom algorithmic music discovery is most pervasive.

Participants meeting these initial criteria completed an online
questionnaire divided into five sections: (i) confirmation of demo-
graphic information; (ii) preferred platforms and devices for music
listening and discovery; (iii) the Active Engagement subscale of the
Goldsmiths Musical Sophistication Index (Gold-MSI) [65]; (iv) the
Algorithmic Media Content Awareness (AMCA) scale [101]; and (v)
self-assessment of their knowledge of the algorithmic mechanisms
behind music recommendations. The Active Engagement subscale
of the Gold-MSI measures how much time, effort, and resources
individuals devote to music-related activities such as attending
concerts or exploring new music, reflecting a person’s overall in-
volvement and investment in music. Instead, the AMCA scale is
a self-report measure designed to assess users’ awareness of how
algorithms shape media content on online platforms.

Wemade use of the demographic responses to validate the Prolific
prescreening, while thanks to Section (ii) we verified two additional
inclusion criteria: participants had to (a) select “smartphone” as their
preferred music listening device and (b) use an individual account
on their chosen streaming platform. The first criterion reduced
variability from interface differences between desktop and mobile
apps, while the second ensured that algorithmic recommendations
reflected only the participant’s own activity. No restrictions were
imposed on the choice of streaming platform. The remaining ques-
tionnaire sections (i.e., Gold-MSI, AMCA scale, and self-assessed
knowledge) served a descriptive purpose, providing a richer profile
of participants rather than testing relationships with the qualitative
findings. These measures helped contextualize the sample in terms
of musical sophistication, algorithmic awareness and knowledge,
as detailed in the next section. A fac-simile of the pre-screening
questionnaire is provided in the supplementary material.
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4.4 Interview Settings and Think-Aloud
Protocol

Interviews were conducted remotely via Zoom in Italian and lasted
approximately 30-45 minutes. Each session began with an intro-
duction outlining the study’s scope and the TAP. Participants were
instructed to verbalize continuously everything they were doing,
seeing, and noticing while performing the tasks, with instructions
deliberately limited but precise [7]. Before starting, participants
were reminded of their rights as outlined in the informed consent
form, and recording began once consent was given. We employed
a concurrent TAP to capture user performance in realistic usage
contexts, following established HCI guidelines [3]. Each interview
comprised six think-aloud tasks and three semi-structured ques-
tions placed before, during, and after the tasks, detailed in Table 1.
In addition, the slides with the original task formulation in Italian
are provided in the supplementary material.

The opening question asked participants which artists they ex-
pected to encounter when opening their preferred app, establishing
a baseline for their assumptions about recommender logic. The first
task served as a warm-up, where participants used the app as they
normally would. Feedback was provided only if participants were
silent, vague, or omitted mentioning visible artists. The next three
tasks focused on identifying artists who appeared (i) prominently,
(ii) as novel, and (iii) as diverse from the participant’s typical listen-
ing. These tasks were designed to elicit reflections on three aspects:
the visibility of highly exposed artists, the discovery of unfamiliar
ones, and the characterization of artists outside personal taste. Task
1 probed drivers of overexposure, while the novelty and diversity
tasks connected to beyond-accuracy evaluation criteria recognized
in recommender systems research [15].

After Task 3, an interlude encouraged participants to reflect on
the broader role of recommender systems, particularly how artist
exposure relates to user preferences and behaviors. To prevent fun-
neling participants’ responses in subsequent tasks, we refrained
from introducing examples of problematic behaviors from the lit-
erature. Instead, participants were prompted to critically consider
recommender influence before moving to Task 4, which focused on
artists receiving less visibility, mirroring the logic of Task 1. The
final tasks served as a wrap-up, with no specific instructions other
than to continue using the app, allowing us to observe how ear-
lier reflections influenced behavior. At the conclusion of the TAP,
participants were presented with the study’s broader goals and ex-
amples of media coverage on issues such as gender bias, popularity
bias, and diversity in music recommendations. They were invited
to share opinions, relate these themes to their own TAP experi-
ences, and connect them to findings from the literature. Recordings
were then stopped, and participants could ask questions or pro-
vide informal feedback. Notes were taken to capture participants’
impressions and interest in the broader research agenda.

Although the task sequence was standardized, participants’ app
usage behaviors varied considerably. Some adopted an exploratory
approach, navigating recommendations, playlists, or artist pages,
while others followed habitual routines, such as directly accessing
a personal playlist or library. When prompted to “keep using the
app” participants typically continued in line with their usual lis-
tening habits rather than artificially exploring new features. This

heterogeneity was deliberately preserved to capture authentic in-
teraction styles and provided valuable contextual information for
interpreting their reflections during the think-aloud process.

In conclusion, the rationale for this protocol was to gradually
equip participants to identify problematic behaviors in recom-
mender systems rather than directing them toward pre-identified
issues. This approach reflected the specificity of the study context
and sought to avoid constraining the emergence of unanticipated
concerns, consistent with principles of everyday algorithmic audit-
ing [86]. As shown later, this method enabled the identification of
harmful cases previously unknown to the research team.

4.5 Thematic Analysis
We employed a hybrid approach to thematic analysis, following the
six phases outlined by Willig [100] (familiarization with the data,
generating initial codes, searching for themes, reviewing themes,
defining and naming themes, and producing the report) while com-
bining deductive and inductive coding. We began with a deductive
phase to ensure analytical alignment with existing literature on
user perceptions of algorithmic bias and harm, grounding our initial
interpretation in established conceptual categories.

This structured entry point facilitated comparability with prior
work while providing a coherent lens for the early coding of partici-
pants’ talk about recommender systems. Subsequently, we shifted to
an inductive approach to allow for the emergence of novel, context-
specific insights beyond the initial framework. This progression
from deductive to inductive analysis helped balance theoretical
guidance with empirical openness, preventing the analysis from
being overly constrained by predefined categories and enabling a
richer, data-driven understanding of the phenomenon.

In the deductive phase, we applied four pre-identified themes
of "knowledge and beliefs" about biased and harmful algorithmic
behavior, drawn from DeVos and colleagues [25]. These themes,
assumed to both shape and be shaped by participants’ sensemaking
of algorithmic behavior, are:

(1) Exposure and experience: participants’ prior exposures to
and experiences of recommender system behaviors, focusing
on what users have observed, encountered, or felt as a direct
result of interacting with music recommendations.4

(2) Expectations and values: participants’ anticipation of how
a recommender would behave in a particular situation, form-
ing expectations about recommender system behavior.

(3) Folk theories of algorithms: participants’ mention of folk
theories about why recommenders behave in the ways that
they do, which informed their search and sensemaking pro-
cess.

(4) Conceptions of bias and harm: participants’ definition
and identification of recommender bias and harm based on,
e.g., the intentions behind the design, the potential for im-
position, and the priorities of recommender systems.

4We deviate from the original coding used by DeVos and colleagues, who emphasized in
this theme “Participants’ prior exposures to and experiences of bias” [25]. Our decision
to adjust their framework is motivated by three factors: (1) the different design of
our TAP tasks, (2) the specificity of the music recommendation scenario we analyzed,
and (3) the absence of a consistent body of literature and shared conceptualization of
problematic behaviors in music recommendation.
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Table 1: TAP Tasks and Instructions

Task Name Instruction

Pre-TAP Before opening the app, what kinds of artists do you expect to find? Can you think of any specific names?

Task 0 (Warm-up) Please open the app and use it as you normally would when listening to music. Speak out loud and describe
what you see on the screen. Tell us about the first artists you come across.

Task 1 (Prominent) Keep using the app and describe the artists that seem to be shown most prominently.
Task 2 (Novel) Keep using the app and describe if you come across any artists you didn’t know before.
Task 3 (Diverse) Keep using the app and describe if you come across artists that seem different from the ones you usually

encounter.

Interlude Music recommendation systems can influence which songs and artists are suggested to users. In some cases,
this process may lead to outcomes that favor the visibility of certain artists over others. Users’ experiences
with these recommendations can vary. What is your opinion on this?

Task 4 (Visibility) As you continue using the app, describe the artists being recommended to you, especially those who seem to
have less visibility compared to others.

Task 5 (Wrap up) As we wrap up, keep browsing and describe the artists you see now.

Post-TAP Our research focuses on how algorithms, such as recommendation systems, can sometimes exhibit behaviors
that are considered problematic. For example, the overrepresentation of certain artists compared to others, or
of certain musical cultures over others, phenomena linked to stereotyping or discrimination. To give you an
idea, in this slide we have included some examples of studies that have addressed these issues. What is your
opinion on this?

These themes structured our initial coding and provided an ana-
lytical lens. We then adopted an inductive approach: within each
of the four themes, coded excerpts were grouped by themes to fa-
cilitate axial coding of sub-themes specific to our context, allowing
novel insights to emerge. Two authors independently conducted
the coding for each interview. Throughout this process, authors
iteratively discussed, refined, and reconciled codes to reach con-
sensus. Two additional authors reviewed the coding scheme and
report, providing feedback on coherence and structure. This cycle
of independent coding, discussion, and negotiation enhanced relia-
bility and minimized individual bias. The final synthesis of findings
under the identified sub-themes is reported in the next section, the
coding scheme is part of Appendix B (Tables 3, 4, 5, and 6), while
the coded excerpts are provided in the supplementary material.

5 RESULTS
Our analysis of the think-aloud interviews revealed three key
themes in how participants perceived and made sense of prob-
lematic recommender system behaviors: i) the reinforcement of
societal biases, ii) the impact of commercial imperatives, and iii)
the pervasive feeling of confinement and limited discovery. Partici-
pants articulated these issues through folk theories and personal
experiences, providing a rich, user-centered perspective on these
problematic behaviors. The following sections detail each of these
themes, using direct participant quotes to illustrate their real-world
impact on music discoverability.5

5All participant quotes were originally in Italian. Translations were first produced
using an automatic translation tool and subsequently reviewed and corrected by the
authors for accuracy and consistency.

5.1 Participants
Twenty Italian young adults meeting the inclusion criteria took part
in the study (11 women, 9 men, 1 non-binary), with an average age
of 23.5 years (range 18–25). Most participants hold a bachelor’s de-
gree or higher (75%), and a substantial proportion are still studying
(65%).6 Table 2 provides a detailed overview of participant charac-
teristics. Regarding music streaming preferences, Spotify was the
most widely preferred platform for both listening (85%) and music
discovery (75%). Other platforms reported include Apple Music,
Amazon Music, and YouTube Music, with YouTube primarily used
for discovery. Participants also frequently mentioned social media
as a discovery tool (75%), reflecting broader trends in contemporary
music consumption (see Appendix A). Some participants reported
using different platforms for listening and discovery, reflecting the
potential complementary functions of these platforms, e.g., using
TikTok or YouTube to encounter new music and Spotify for regular
listening.

Scores on the Active Engagement subscale of the Gold-MSI in-
dicate slightly higher musical sophistication among participants
(M = 4.5 ± 1.0 over 7) compared to the general Italian population
[82], consistent with prior findings that younger and more educated
individuals tend to score higher. In terms of algorithmic awareness,
participants also scored relatively high (M = 4.2 ± 0.5 over 5), though
the scale has not previously been applied to Italian young adults

6According to official statistics from the Italian National Institute of Statistics, currently
the population of young adults between 18 and 25 is approximately 5.3 million. Most
students enroll at university right after high school, at age 19. According to data from
the Ministry of University and Research, approximately 1.3 million young adults are
enrolled in university, between 25% and 30% of the total population. This number
shows that our group of participants is somehow highly educated if compared to the
overall trends in the country.
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Table 2: Participant characteristics and scores. Gold-MSI scores are reported on a 7-point Likert scale (1–7), whereas AMCA and
self-assessed knowledge (Self-Know) scores are reported on a 5-point Likert scale (1–5).

ID Gender Education
Platform

(Listen / Discover)
Other Platforms

(Discover) Gold-MSI AMCA Self-Know

P1 N Bachelor Spotify / Spotify YouTube, Apple Music 5.4 3.5 3.3
P2 M Vocational school Spotify / Spotify SoundCloud, Bandcamp 5.1 4.4 2.8
P3 W High school Spotify / Spotify YouTube 4.6 4.5 2.5
P4 W Bachelor Spotify / Spotify Twitter, Instagram 3.9 4.2 1.5
P5 W Bachelor Spotify / Spotify TikTok, YouTube 2.7 4.3 2.0
P6 W Bachelor Spotify / Spotify TikTok, Twitter 5.9 4.4 3.0
P7 W Bachelor Spotify / YouTube Instagram 4.9 4.9 2.3
P8 M Bachelor Spotify / YouTube Instagram, YouTube 2.6 2.9 3.0
P9 W Bachelor Apple Music / YouTube Spotify, Instagram, Twitter 5.6 4.6 4.3
P10 W Bachelor Spotify / Spotify Social Media 5.1 3.9 2.0
P11 W Master Spotify / Spotify Reddit, Twitter, Tumblr 4.4 4.6 3.3
P12 W Vocational school Spotify / Spotify Instagram 3.1 3.9 2.5
P13 M Master Apple Music / Apple Music Instagram, YouTube, Facebook 4.4 3.9 2.0
P14 M Vocational school Spotify / Spotify YouTube, SoundCloud 5.8 4.5 3.8
P15 M Master Spotify / Spotify Social Media 5.1 5.0 4.3
P16 M Vocational school Spotify / Spotify Instagram 4.4 4.2 2.3
P17 M Master Spotify / Spotify Instagram 3.8 4.2 2.5
P18 W Bachelor Amazon Music / Amazon

Music
Instagram, Threads 2.7 4.2 2.3

P19 M Bachelor Spotify / Spotify YouTube 4.6 4.2 2.8
P20 W Master Spotify / Spotify Social Media 5.1 4.6 2.3

or music streaming platforms, limiting direct comparisons with
the original findings [101]. Interestingly, despite apparent aware-
ness of algorithms’ roles in music recommendation, participants’
self-assessed knowledge of algorithmic mechanisms was low (M =
2.7 ± 0.8 over 5). Previous work suggests that algorithmic literacy
depends on both awareness and knowledge [72], and although par-
ticipants reported higher awareness than factual knowledge, the
combination of these factors still appears to partly support their
ability to interpret the algorithmic mechanisms shaping their music
listening and discovery experiences, as discussed below.

5.2 Reinforcement of Societal Biases: from
Gender to Genre

Several participants (n=14) consistently perceived that music rec-
ommender systems may reinforce and amplify societal biases across
gender, ethnicity, language, and their intersections.

5.2.1 Intersection of Societal Biases. Gender bias was a recurring
concern, with several participants feeling that male artists were
favored, often in combination with genre-related dynamics. As P4
explained: “[...] when you look for recommendations in a genre like
Italian male rap, the suggestions tend to be much more accurate, more
curated, broader, and above all more relevant to the genre you are
interested in, compared to, for example, female rap.” However, this
perception was not universal: some described their feeds as bal-
anced, including P1, the only participant identifying as non-binary,
who noted: “I perceive it as fairly balanced, I get recommendations

for male and female artists, as well as for people who have come out
as non-binary.”

Biases were also reported with respect to ethnicity and race. For
instance, P1 observed: “It’s rare for Black people to come out [...]
there are many Caucasian people, occasionally Asian, but African
American or North African almost never.” Similarly, P5 stated: “I have
very few listens from what we might call minority categories, or even,
for example, artists from the Black community.” Bias was also linked
to artists’ origin, with P12 remarking: “They’re always more or less
the same, either some very famous American artists, or, depending on
our location I suppose, the Italian ones.” Even within local contexts,
language could intersect with visibility, disadvantaging artists per-
forming in a dialect. As P4 put it, mentioning an artist who sings in
Neapolitan dialect: “I do not think he has as much visibility as other
Italian artists, because he doesn’t sing in Italian but in dialect, and
his music belongs to a genre that is not typically considered viral.”

5.2.2 Perceived Causes and Mitigation Strategies. Strikingly, many
participants accepted these reinforced societal biases as a “natural
consequence,” attributing them to three main factors: (i) industry-
level imbalances (“The fact that the artists are mostly male rather
than female is [...] kind of natural, in the sense that, from the start,
there are simply more male artists”, P7); (ii) algorithm design (“I think
there is a bias in these algorithms that comes from the very nature of
the algorithm itself”, P15); and (iii) personal listening habits (“I tend
to listen to male artists more often [...] so I assumed the imbalance
was due to the way I used the app”, P17).
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Some participants described individual strategies to counteract
these biases, such as deliberately seeking out underrepresented
artists. P20, for example, explained: “I made a conscious effort to
listen to more female artists in the genres I usually follow, because they
did not come up very often.” Others, however, expressed resignation:
“To change the way the algorithm suggests a new song, you would have
to change the stigmas of society, and as we all know, that’s an almost
impossible task” (P4). P20 also discussed platform-led interventions,
such as gender-based playlists, however, with skepticism: “I get
playlists like emerging female artists in a certain genre, but I tend to
ignore them [...] they include songs made by women, yes, but not in
the genre I’m looking for, so I just skip them.”

5.3 Commercial Imperatives: Virality, Strategic
Placement, and Forced Exposure

More than half of the participants (n=12) consistently reported
that commercial interests and market dynamics strongly influence
music recommender systems, leading to the strategic promotion of
certain artists and a sense of forced exposure to popular content.

5.3.1 Popularity, Virality and Spillover Effects. The push toward
well-known artists, i.e., the popularity bias, was frequently noted
and often negatively received. For example, P11 remarked: “There’s
often a strong push for certain artists, either because they’ve recently
gone viral or because there’s a major label backing their promotion. It
happens a lot, and it can be a bit annoying.” Emerging artists were
perceived as particularly disadvantaged, as P3 stated: “It’s more
likely that you’ll be shown songs that are already popular [...] and
that’s a problem, because for an artist trying to emerge, it becomes
much more complicated.” P17 emphasized that the opacity of rec-
ommender systems constituted a limiting factor: “As an emerging
artist, it’s really hard to break into dynamics where your chances of
success depend on an algorithm you don’t even understand.”

Participants distinguished the influence of virality, rapid and
widespread dissemination, from popularity, which reflects sustained
recognition over time. P10 observed: “Since it’s something that’s
viral at the moment, they might be trying to push the artist more.”
Also P4 described virality as a strategic focus: “I think what Spotify
wants to do is focus on going viral rather than helping you discover
new artists.” However, P1 noted that virality can sometimes benefit
niche artists: “Those who maybe have more frequent listeners, or who
have a specific track that has gone viral, still emerge.”

Social media platforms, especially TikTok, were seen as central
to virality, as P2 explained: “By now it’s like the major player in the
attention market.” P10 added: “I know they have songs going viral on
TikTok, so I understand that they might be taking advantage of that
moment. The frequent use of social media actually helps certain songs
become popular again.” Instagram was also mentioned, though less
prominently.

5.3.2 From Strategic Placement to Forced Exposure. Participants
identified two main drivers of these dynamics: retaining users on
the platform andmaximizing revenue. P19 emphasized engagement:
“What really matters to music platforms is that people spend as much
time as possible on the app, and so having an algorithm that works
means giving someone something they’re very likely to enjoy.” P15
framed this as a legitimate business objective: “It’s something music

platforms do on purpose to keep users on their platformmore andmore,
which, as a company, I can understand.” Others highlighted the profit
motive, as P7: “I think the goal is basically to push whoever brings
in the most money, to push what can sell more.” P19 nonetheless
contextualized this behavior as not specific to online spaces: “It
could also happen in a record store [...] the store preferred buying and
selling CDs from well-known artists rather than more niche ones.”

Participants developed folk theories about how commercial in-
centives shape artist recommendations. P12, for instance, wondered
about sponsorship: “I rather wondered whether there might be a kind
of sponsorship dynamic, like making an artist appear more often
in other people’s playlists.” Instead, P3 questioned payment struc-
tures: “I don’t really know how it works for an artist to publish on
Spotify, and whether they have to pay to stay visible.” P7 was more
certain: “There surely is... there’s an algorithm that pushes certain
artists, maybe through payments.” At the same time, P5 noted that
recommendations are not entirely independent of personal taste: “I
don’t think some artists get pushed independently of the user’s taste.”

Participants also discussed collaborative and placement dynam-
ics. For example, P2 highlighted next-track suggestions: “Being the
next suggested artist after a song is a really strong placement, it’s
a great spot with huge benefits.” P11 observed that platforms mix
popular and niche artists: “It usually shows a big artist first and
then a smaller one”, interpreted by P20 as a risk-averse strategy:
“Recommending slightly smaller artists can indeed be riskier.”

Awareness of these mechanisms did not make participants more
accepting of the recommendations, especially when they felt forced
to listen to artists. P11 described the friction: “It bothers me, espe-
cially when they recommend a genre I’m not interested in and still
try to push me to listen to an artist I don’t care about.” Specific
cases where repeated exposure prompted social media discussions,
such as Sabrina Carpenter’s "Espresso", were reported by P11 and
P17: "When a playlist or an album I had chosen ended, Spotify would
start playing its recommended songs, and it was always ‘Espresso’ by
Sabrina Carpenter [...] I even saw on Twitter that other people had
the same experience" (P11).

Participants often felt powerless to change these dynamics. For
example, P2 reflected: “It’s true that some artists can have wider
visibility, but it’s not a dynamic you can’t escape or that leaves no
alternatives.” P1 highlighted the limits of feedback mechanisms:
“In some cases I even hit ‘dislike’ because I’m not interested, [but]
they still keep being recommended.” Others perceived the issue as
minor, as P17 : “Having access to artists I don’t know, even if they’re
promoted, isn’t a major issue.”

5.4 Confinement and Limited Discovery: the
Role of Preferences and Historical Data

Participants (n=14) frequently described a sense of confinement
in music recommendation, which they attributed to the recom-
menders’ heavy reliance on their personal preferences. They re-
ferred to this phenomenon as “own niche” (P11), “echo chamber”
or “comfort zone” (P6), and “own bubble” (P7), employing terms
oftentimes (mis)used in the public and scientific debate.

5.4.1 The Harms of Algorithmic Confinement. Several participants
perceived the algorithms as limited in scope, overly specific, or
stuck in particular listening patterns. P11 noted: “When it’s a genre
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I know a bit better, I realize how limited the algorithm is, because
it keeps trying to push you towards the more famous artists.” P15
explained: “The problem is when the algorithm becomes so specific
that it no longer lets you discover new music.” Mis-targeting was
also observed by P11, who remarked: “It recommends a lot of music
that I consider very much for teenagers [...] I’ve somewhat passed
adolescence and yet it stubbornly continues to recommend these artists
to me.” Others highlighted repetition of overly popular artists (P18)
or persistent focus on already familiar ones (P20). This pattern
restricted participants’ ability to explore, particularly for those
seeking to broaden their musical taste. As P19 put it: “Very often I
get recommended the same things over and over, so it becomes a bit
harder to broaden what I listen to.” P6 generalized the phenomenon
beyond streaming, noting: “As on all social platforms [...] the same
things keep resonating almost obsessively.”

These phenomena may contribute, according to several partic-
ipants, to harms at both the individual and societal levels. At the
individual level, confined recommendations risk drivingwithdrawal
and closure: “I think there is a kind of overall closure, and that’s a
danger, because we end up closing ourselves off” (P3). Another par-
ticipant described becoming accustomed to the comfort of one’s
bubble, finding it satisfying, yet ultimately limiting discovery: “I
get used to the bubble I’m in, and I’m okay with it, because in the end,
most of the time, it hits the mark, [though] it would really please me
to be exposed to different things, but it never happens” (P7). At the
societal and cultural level, P13 reflected on how such confinement
might contribute to the standardization of music: “They tend to
suggest the same music genres over and over, always the same ones,
even down to the choruses [...] this can lead to a sort of flattening.”

Tellingly, breaking these loops was described as difficult. For
example, P20 noted: “I’ve had quite a hard time in the past breaking
out of these loops [...] it becomes harder to realize when it has started
circling back on itself and to interrupt the loop.” Still, some partici-
pants sought collective recognition as a first step toward awareness:
“It happens very often that the music it recommends to me is always
the same [...] I was curious to see if anyone else had gone through
it, and indeed other people were complaining about the same thing”
(P19).

5.4.2 Preferences, Historical Data and Other Signals. Confinement
was closely linked to the use of historical listening data. Participants
noted that recommendations often reflected their past behaviors
at the artist (P1), album (P11), or genre level (P13). P4 observed:
“Everything I currently have on my homepage is based on what I listen
to [...] so they kind of amplify the genre I already listen to rather than
helping me discover new ones.” Some participants acknowledged a
potential tradeoff, as P20: “When I select a song to start from, it plays
about ten songs I already know before it starts presenting me with
new songs.” According to P14, the timeframe for influence varied
widely, from days to months or even years. Moreover, new releases
were often promoted based on prior listening, as P11 explained: “I
assume they cross-referenced artists I listened to in the past [...] who
have released something new, and it’s trying to get me to listen to
them again.” P20 emphasized recency as pivotal: “Whenever a new
artist releases an album, it always puts it right at the top of the things
to listen to.”

By relying on previous listening and exploiting listeners’ tastes,
algorithms essentially play it safe, as P3 commented: “The algorithm
suggests music based on criteria like how much it thinks I’ll like
what it recommends [...] probably to keep the app active, to keep
me on the app, so I don’t get bored.” This logic is not necessarily
negative, as P14 noted, because it can help artists better reach their
audiences: “It’s definitely a favor to the artists from this point of view
too, because they could gain an extra fan, so to speak, and expand
their audience thanks to the algorithm.” P19 also highlighted how
emerging artists could benefit from algorithms : “[...] because if
it notices that someone listens to more niche artists, it’s much more
likely to start recommending niche artists.”

Beyond personal listening habits, a few participants reported that
relational and contextual signals can also influence recommenda-
tions. For example, P1 hypothesised that an artist recommendation
appeared because “[...] there are some friends I follow on Spotify
who are actually big fans.” Sharing music outside the platform also
seems influential, according to P3: “I’ve noticed that the people I
share music with, maybe through social media or WhatsApp, get
suggested artists that I listen to.” Finally, P6 believes that location
could inform the recommendation: “Depending on where someone
is, specific recommendations are also made”, a belief reinforced by
P12’s experience of being recommended music from a local event.

Live appearances at acclaimed events, such as music festivals
or TV shows, were indeed hypothesized as influential signals for
recommendation. P9 referred to artists featured in the Eurovision
song contest, a local talent show (Amici), and a local music festival
(Sanremo): "Especially when there are particular events, the app’s
recommendations change a lot. So specifically, it often suggests all
the artists who are participating." Other participants noticed how
experiences in external non-music platforms can also have a role.
Three participants found recommendations of the soundtrack of
TV series, Arkane (P1) and The Crown (P7), and a movie, Hunger
Games (P5). Surprisingly, P7 and P5 said they have not seen those
before.

6 DISCUSSION
Throughout the interactions of a group of Italian young adult music
listeners with streaming platforms, we identified three key areas
affected by problematic recommender system behaviors: reinforce-
ment of societal bias, commercial imperatives, and confinement in
discovery. Although these phenomena are not entirely new, our
study uniquely explores them through the imaginary and expe-
riences of a digital-native generation. While these explanations
remain folk theories rather than verifiable platform strategies, they
offer valuable insight into how users make sense of opaque algo-
rithmic systems.

Hereafter, we aim to re-contextualize these problematic behav-
iors within the current musical ecosystem, offering a fresh perspec-
tive on long-standing issues. We then examine the implications
for music discoverability, showing how these behaviors may re-
shape the power dynamics between platforms, artists, and listeners.
Finally, we propose building blocks for end-user recommender sys-
tem auditing in the music sector, outlining a participatory approach
that leverages user insights to design more equitable systems.
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6.1 Re-contextualizing Problematic Music
Recommender Systems Behaviors

The impact of algorithmically driven recommendations on music
listening, and in particular questions of bias and fairness, diversity
and inclusion, transparency, opacity, and oversight, has been ex-
tensively explored in the scientific literature [44]. However, much
of the existing work lacks a critical lens, underestimates the com-
plexity of interactions between people and technology, and often
fails to examine these questions through the lens of what listeners
actually do with recommendations, rather than merely assuming
their behaviors and preferences [43].

Specifically, the popularity bias and the long-tail problem, early
theorized in the music sector almost two decades ago [16], the gen-
der bias and overexposure of male artists [31], or the platforms and
industry exercise of some form of power through algorithmic cura-
tion [2], are definitely known phenomena in the digital music sector.
Under this lens, at first glance, the presented results may appear not
novel and obvious. Nonetheless, the identification and exploration
of those through the viewpoint of a group of young adults, some of
whom were not even born or newborn when streaming platforms
started to be launched, provides new insights and hypotheses. In
fact, while this cohort of listeners has been the subject of analyses
on generational differences in the use of online music platforms
[70], their involvement in algorithmic auditing practices, at least
within the music sector, is absent.

6.1.1 Intersectional Representational Harms. Participants often de-
scribed feeling that the artists promoted to them reflect wider in-
equalities, suggesting that listeners perceive algorithmic represen-
tation as mirroring social hierarchies rather than correcting them,
a perception often shared by artists themselves [27, 36]. Under this
lens, a first emerging hypothesis is that representational harms
in music recommender systems should be understood through an
intersectional lens [21], in line with recent proposals from the
algorithmic fairness community [38, 99]. Dimensions such as gen-
der, ethnicity, language, mainstreamness, genre, and local versus
global contexts may intersect in shaping recommender outcomes.
Nonetheless, this intersectional complexity may complicate listen-
ers’ assessments [78], particularly when perceptions of problematic
behaviors involve both musical and artist characteristics. While
these factors have often been examined in isolation [44] and under
fairness assumptions [26], music recommender systems research
still lacks a nuanced account of their overlaps.

6.1.2 Commercial Manipulation and Opaque Promotion. Several
participants explicitly perceived forms of commercial manipulation,
believing that viral or heavily promoted tracks were “pushed” for
profit rather than preference, consistent with previous findings [28].
In this direction, our results highlight the role of platforms’ com-
mercial logics and the opaque algorithmic processes of promotion.
This opaqueness can produce a sense of coercion, leaving listeners
feeling trapped [84] when recommendations repeatedly highlight
already dominant artists without clear justification, as illustrated
by the "Espresso" case described in §5.3.2. The case has become
so widespread that it attracted media attention [68], sometimes
dismissed as a conspiracy theory [57].

Engagement-driven, industry-led mechanisms regulating which
artists are promoted reframe the longstanding popularity bias issue:
the key question is not only how recommender systems help the
rich get richer, but also which dynamics establish who becomes
rich in the first place. At the same time, a tension exists between
users’ perceptions and bias measured using computational metrics
[37]. Indeed, users may fail to notice popularity bias even when it
is statistically high, suggesting that participants’ folk theories may
be triggered by specific cases rather than the overall distribution of
recommendations.

In the participants’ narratives, virality plays a crucial role to-
day, amplified by cross-platform externalities between streaming
services and social media, and the 2025 Music Impact Report from
TikTok confirms this: 84% of songs that entered the Billboard Global
200 in 2024 went viral on the social platform first [95]. This phe-
nomenon is even reinforced by new integrations that allow users
to transfer discoveries directly into streaming libraries (e.g., both
in TikTok [96] and Instagram [93]). Yet recommender systems re-
search has paid little attention to these spillover effects, even though
they have already been identified as core elements that should be
incorporated into the design of fair ranking models [76].

6.1.3 Confinement and Limited Discovery. Participants frequently
expressed frustration with the repetitiveness of recommendations
and their inability to “escape” familiar artists, even when they
sought novelty. While issues of confinement and limited discovery
in online spaces are discussed in the literature, they remain prob-
lematic due to ambiguous terminology, evident in our participants’
use (and misuse) of terms such as “filter bubble” and “echo cham-
ber”. Media studies scholars have long warned that this ambiguity
can misdirect research agendas [10, 63], especially as these terms
enter everyday discourse. Our findings reveal a tension between
participants’ perception of overexposure to tailored content, its hy-
pothesized link to historical data and inferred preferences, and the
still-limited empirical evidence of its actual manifestation, despite
emerging new perspectives [85].

6.2 Implications for Music Discoverability
Ultimately, the results of this study suggest a need for a shift in
perspective. To truly enhance music discoverability, the design of
recommender systems must move beyond purely technical metrics
of engagement [66] and incorporate a deeper understanding of user
desires for serendipity, diversity, and genuine exploration [35].

6.2.1 Tensions and Ambiguities in Music Discoverability. A critical
tension between the technical efficiency of recommender systems
and their role in music discoverability emerges from our findings.
First, discoverability appears to be influenced not only by musi-
cal aesthetics and functions but also, perhaps more fundamentally,
by broader social identities, with these two dimensions remaining
closely intertwined. Second, similar to the pre-streaming era, music
discoverability remains strongly shaped by market forces, contra-
dicting narratives of democratization in media industries driven by
new technologies [41, 42].

Third, music discoverability occupies an ambiguous position.
While recommender systems are designed to match users with con-
tent they might enjoy, our study suggests that, at least for Italian
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digital native listeners, recommender systems may be perceived as
hindering rather than helping music discovery. From a normative
standpoint, minimizing or eliminating confinement appears desir-
able. Yet from an artist’s standpoint, the challenge may not be to
dismantle the logic entirely but rather to find pathways, supported
by their audiences [6], to enter existing circles or to create new
ones. From a user’s perspective, breaking the confinement loop
requires a trade-off. In fact, mitigating bias may reduce familiarity
[98], but it is precisely this reduction that can evoke the sense of
discovery participants sought.

6.2.2 Popularity Bias, Overexposure, and Virality. The folk theories
and experiences shared by participants confirm that current recom-
mendation models may prioritize the promotion of already popular
content, leading to a state of overexposure to a limited pool of
artists and genres. Not surprisingly, even within the music industry
the impact of algorithmic curation is tangible and acknowledged.
The following quote by Sophie Lyon, Digital Sales Manager for
Italy, Spain, and Portugal at BMG, included in the 2025 report of
the Federation of the Italian Music Industry (FIMI) [34], makes this
strikingly clear:

"The growth in the number of streams generated by
albums is a positive trend that demonstrates how Dig-
ital Service Providers have become the main point of
access to music. However, the vast amount of con-
tent, combined with the central role of algorithms,
can limit the discovery of new artists—with only a
few managing to break through." (p. 18)

This behavior has significant implications for both artists and
listeners. For artists, especially emerging or niche ones, the system’s
focus on mainstream content may contribute to a barrier to entry,
potentially limiting their ability to reach new audiences. From
the listener’s perspective, this over-reliance on a hit-based culture
leads to a sense of confinement, trapping them in a predictable loop
of familiar sounds. This goes against the core promise of music
platforms to offer a vast and diverse library for exploration.

Furthermore, the amplification of viral loops, where social media
trends directly influence algorithmic recommendations, creates a
discoverability model that is more reactive than proactive. Instead
of guiding users to new and diverse music, the system is influ-
enced by external popularity contests, which may not align with
an individual’s personal taste or desire for exploration.

6.3 Design Considerations for End-User
Recommender Systems Audits

The insights from our study suggest that the proposals from the
end-user algorithmic auditing literature may provide a foundation
for developing auditing practices also for music recommender sys-
tems. Effective approaches must move beyond technical critiques
to engage with the subjective and social dimensions of algorithmic
harms. Indeed, for our study participants, recommender bias was
not an abstract concern but a tangible element of everyday music
discovery and listening. They recognized that their habits were
shaped by confinement and by the promotion of certain artists
for reasons sometimes beyond personal taste. While often lacking
technical vocabulary, their awareness, formed through constant

interaction with these systems, offers valuable starting points for
designing user-centered auditing methods.

6.3.1 Leverage Users’ Folk Theories and Experiences. End-user au-
diting frameworks should build on users’ folk theories and lived
experiences of algorithmic behavior [86]. Participants’ explanations
of phenomena such as virality and social media spillovers indicate
that users already construct (hypothetical) causal accounts of how
recommendations emerge. Future tools could support this reason-
ing by enabling users to annotate their experiences and provide
feedback, thereby crowdsourcing the identification of algorithmic
anomalies. However, auditing tools must account for heterogeneity
in how users value potentially problematic behaviors [45], as indi-
vidual characteristics shape the interpretation of recommendation
lists.

6.3.2 Empower Users to Act on Insights. Auditing tools should re-
spond to the feelings of powerlessness and limited agency expressed
by participants, who noted that altering recommendations would re-
quire changing “the stigmas of society”. Such tools could empower
users [50], helping them move from passive frustration to active
engagement, encouraging diversification of listening practices and
more targeted feedback. This sense of powerlessness is further com-
plicated by the fact that, even when users are aware of problematic
issues, they often default to familiar tastes [28], revealing a gap be-
tween expressed values and actual behavior. Auditing tools should
therefore be designed to make this gap visible and actionable, rather
than assuming that awareness alone leads to change.

6.3.3 Support Collective and Participatory Practices. Auditing should
be framed as a collective practice [55], fostering dialogue among
stakeholders. Participants frequently sought validation for their
experiences, such as sharing frustrations about the song "Espresso"
on X/Twitter. This can be seen as an example of everyday end-
user auditing, where users identify problematic behavior and raise
awareness through social media. At the same time, artists, like
our participants, often feel sidelined by opaque commercial logics
and seek greater transparency in how their music is promoted and
distributed [27, 36].

Future tools might enable the comparison of recommendation
patterns across users, facilitating the collective identification of
problematic behaviors and amplifying advocacy for more equitable
systems. Indeed, we view participatory approaches to recommender
system design, development, evaluation, and auditing as a long-
term challenge requiring sustained research, in line with Ekstrand
and colleagues’ recent proposal [29]. Our contribution outlines con-
crete, accessible pathways toward participatory auditing methods
and tools, while acknowledging that the mechanisms underlying
such participatory processes remain largely conceptual. These path-
ways aim to enable listeners to better understand and interrogate
the recommender systems shaping their everyday music discovery,
and artists to make sense of the systems shaping their discoverabil-
ity.

6.3.4 Towards Prototypes and Operationalization. Future work will
expand this line of inquiry by developing and testing low-fidelity
prototypes (e.g., sketches or wireframes) to visualize and opera-
tionalize participatory auditing workflows. These prototypes will
serve as a means to explore how users might document, share, and
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collectively interpret their experiences with algorithmic recom-
mendations. In addition, subsequent research will aim to translate
the study’s qualitative insights into concrete design guidelines for
recommender systems, bridging the gap between users’ mental
models, how they make sense of algorithmic behavior, and the sys-
tems’ actual functioning, as already explored in video-streaming
contexts [67]. Doing so will help transform the interpretive knowl-
edge emerging from users’ folk theories into actionable principles
for more transparent and accountable recommendation design.

6.4 Limitations
Our study provides important insights into how Italian young adults
perceive problematic behaviors in music recommender systems,
yet several limitations should be acknowledged.

6.4.1 Sample Demographics and Cultural Context. The demographic
homogeneity of our sample is a key constraint, even if participants
were intentionally recruited among Italian young adults. While this
design allowed for a focused, culturally specific analysis, it limits
the generalization of our findings to older populations, listeners
in other regions, or those with different educational and socio-
economic backgrounds. Furthermore, the theoretical grounding of
this research is primarily European and Western. Several elements,
such as the policy-oriented perspectives on discoverability, the plat-
forms participants used during the TAP, and the strand of research
on end-user auditing (mostly from US scholars), contribute to cir-
cumscribing our findings and discussion within a specific regional
context.

6.4.2 Self-Reported Data and Folk Theories. Our analysis relies
heavily on self-reported data and participants’ folk theories of algo-
rithmic functioning. Although these accounts highlight meaningful
user perspectives, they are not always technically accurate and may
reflect a gap between perceived and actual algorithmic mechanisms.
Moreover, these perspectives do not explicitly account for artists’
experiences. Even though some participants identified as musicians
(hobbyists or professionals), the study was designed to elicit re-
sponses from the listener’s perspective. This discrepancy shapes
the type of data we were able to collect and interpret. Future work
will focus specifically on music artists to gain a complementary,
yet essential, understanding of problematic algorithmic behaviors
affecting music discoverability.

6.4.3 Scope and Methodological Constraints. This paper reports
only the first phase of a larger multi-part study. We chose to focus
exclusively on this phase in order to share our findings with the
CHI and HCI community and receive feedback to guide subsequent
research activities. Methodologically, while the TAP captures real-
time cognitive processes and immediate user reflections, it does not
reveal long-term behavioral patterns or shifts in perception.

Moreover, the TAP itself may have influenced participants’ be-
havior. Prompting users to interact explicitly with recommender
systems likely increased their awareness of potential biases in ways
that differ from everyday, unprompted use, potentially affecting the
naturalness of interactions. Integrating findings from subsequent
phases will allow future work to provide a more comprehensive and
ecologically valid account of user interactions with problematic
music recommender system behaviors. In the next stage of this

research, we will complement TAP with Ecological Momentary
Assessment methods to capture more naturalistic listening and
discovery practices in everyday contexts.

7 CONCLUSION
This study set out to explore how end-users of music streaming ser-
vices identify and make sense of problematic recommender system
behaviors. Through a user-centered, qualitative approach using
a think-aloud protocol, we have shed light on the lived experi-
ences of Italian young adults as they navigate the complexities of
algorithmic curation.

Our findings demonstrate that music listeners are not passive
recipients of recommendations, rather, they actively develop folk
theories and personal strategies to cope with perceived algorith-
mic shortcomings. The themes that emerged from our analysis
underscore that perceived recommender harms are not an abstract
concept for users, but a tangible and frustrating element of their
everyday music discovery. These behaviors can significantly in-
fluence music discoverability, as users are increasingly confined
to a narrow set of recommendations and face greater difficulty in
finding new and diverse artists outside of their established listening
habits.

The insights gleaned from this research have several implications
for the design of future recommender systems. By understanding
how users perceive and articulate these issues, designers can move
toward creating systems that are more transparent, controllable,
and responsive to user needs. Moving forward, platforms should
consider incorporating end-user auditing tools that allow for di-
rect feedback and annotation of algorithmic anomalies. Lastly, our
study contributes to the growing body of literature advocating for
an end-user approach to algorithmic auditing. We argue that the
success of recommender systems should not be measured solely by
engagement metrics, but also by their ability to foster a healthy,
diverse, and equitable music discovery ecosystem for all listeners
and artists.
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A A PRIMER ON THE CURRENT STATE OF
THE ITALIAN MUSIC MARKET

Italy offers a prime example of a music market where strong do-
mestic loyalty is increasingly shaped by global digital trends, such
as short-form video platforms. Indeed, the Italian market remains
unusual in the European context for its reliance on domestic pro-
duction. According to a 2023 report on the “glocalisation” of music
streaming within and across Europe by Page and Dalla Riva [75],
the share of domestic artists in Italy’s top 10 songs rose from 30% in
2012 and 2017 to 70% in 2022, with the top six all by Italian artists.
The 2025 report of the Federation of the Italian Music Industry
(Federazione Industria Musicale Italiana – FIMI) [34] confirms this
trend, showing an increase from 59% in 2014 to 84% in 2024.

Moreover, Spotify’s Loud and Clear report [89] notes that in 2025
Italian entered, for the first time, the eight most royalty-generating
languages, surpassing the $100 million mark following a 23% annual
growth. In terms of discovery, TikTok is the leading platform in
Italy, with nearly twice asmanymonthly active users as Spotify [75].
Luminate’s Global Music 360 survey for the first quarter of 2025
(reported in the Tuesday Takeaway Newsletter) further highlights
the growing importance of short-form video, while also showing

that Italian Gen Z listeners are nearly 2.5 times more likely to
discover music through Twitch and video games.

Genre preferences have also shifted. In 2019, the IFPI Music Lis-
tening Report [33] listed international and local pop as the most
listened-to genres, followed by rock, singer-songwriters, dance/house,
and hip hop/rap. This panorama changed drastically: as noted by
Melanie Parejo (Spotify Head of Music for Southern and Eastern
Europe), "Back in 2013, the most-streamed genre in Italy was rock,
with Italian rap not even in the Top 10. But in 2022, Italian rap
was the most-streamed genre in the country" [91]. Finally, Spotify’s
explicit connection with the Festival di Sanremo, the Italian song fes-
tival par excellence, illustrates the interplay between platform and
tradition. Spotify Italy was launched in 2013 during the festival, and
in both 2024 and 2025, according to an Instagram post by Spotify
Italy [90], the Sanremo Official playlist became the most-listened
playlist worldwide.

B CODING SCHEME
This appendix presents the coding scheme derived from the the-
matic analysis described in Section 4.5. Each table (Tables 3, 4, 5, 6)
corresponds to one of the four themes, adopted deductively from
the work of DeVos and colleagues [25].
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Table 3: Themes identified as “Exposures and Experiences”, capturing participants’ prior exposures to and experiences of
recommender system behaviors, focusing on what users have observed, encountered, or felt as a direct result of interacting
with music recommendation.

Theme Sub-Theme Description Count

Relevant Users feel the recommendations align with their preferences, listening history, and
evolving tastes.

36

Recent / frequent Recommendations that accurately reflect a user’s most recent or frequently played
music.

20

New releases Recommendations of new music from artists or genres that match a user’s tastes. 7
Similarity / familiarity Recommendations that are similar to what a user already likes, even if not recently

played.
9

Irrelevant Users encounter recommendations that are surprising, random, or unhelpful. 53
Minimal / accidental Recommendations based on brief or unrepresentative listening interactions. 11
Disliked / unfamiliar Recommendations of music that users explicitly dislike or are completely unfamiliar

with.
27

Repetitive / stale Recommendations that consistently feature the same artists, songs, or content. 10
Outdated Recommendations that align with the user’s past listening habits but are no longer

relevant to their current tastes.
5

Internal
mecha-
nism

Users’ experiences with how the platforms generate recommendations and influence
their music discovery.

54

Serendipity / broaden-
ing

Recommendations introduce users to genuinely new or niche artists and songs they
enjoy.

16

Confinement / limited Recommendations mainly propose known artists or genres, limiting new discoveries. 5
Promotion / visibility Recommendations seem to actively promote certain artists or content, possibly due to

external factors, regardless of personal preferences.
33

External
influences

Users’ observations of how outside factors like social media trends and media influence
recommendations.

11

Social media / virality Music trends from social media platforms directly influence the recommendations users
receive.

3

Cultural media Music from cultural media like TV series, movies, or video games influences what
becomes prominent on the platform.

8

UX / UI Users’ descriptions of their interactions with the app’s interface, including navigation
and habits related to how music is presented.

37

Navigation / routine A user’s typical starting points and methods for navigating the app. 24
Platform feature Users’ engagement with and perception of specific app features designed for music

discovery.
8

Overall impression General comments about the app’s visual layout, ease of use, and overall impression. 3
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Table 4: Themes identified for “Expectations and Values”, capturing participants’ anticipation of how a recommender would
behave in a particular situation, forming expectations about recommender system behavior.

Theme Sub-Theme Description Count

Temporal ex-
pectations

Users’ expectations regarding the recency and frequency of the music recommended. 16

Recent / fre-
quent

Users expect recommendations to prioritize and reflect their most recent or frequently
played music, acting as a continuation of their current listening habits.

4

New releases Users anticipate that recommendations will effectively highlight and present newly
released music from artists or genres that match a user’s tastes.

12

Preferences Users’ expectations about how recommendations cater to their individual tastes and
the consistency of its recommendations.

19

Similarity / fa-
miliarity

Users expect recommendations that align with their established musical preferences,
offering content similar to what they already know and enjoy.

8

Inconsistent /
unexplained

Users encounter recommendations that feel out of place or don’t align with their
perceived listening history.

11

Scope Users’ perceptions of the range and breadth of music offered by the recommendations. 16
Confinement /
limited

Users feel recommendations keep them within a narrow range of genres or artists. 2

Promotion / vis-
ibility

Users observe that recommendations seem to prioritize and promote mainstream artists
or popular genres, sometimes at the expense of genuine personalization or niche
discovery.

8

Serendipity /
broadening

Users desire recommendations to introduce them to genuinely new and diverse music,
expanding their tastes beyond their typical listening habits in a surprising yet appealing
way.

6

Contextual Users perceive that external factors and real-world contexts influence the music they
are recommended or choose to listen to.

6

Users’ role Users’ active and passive behaviors in interacting with recommendations. 25
Active / inten-
tional

Users describe deliberate actions they take to find new music, such as searching or
exploring specific platform features, often wanting the recommendations to better
support these efforts.

9

Passive / re-
liance

Users prefer effortless music discovery and rely on the recommendations to present
relevant content without much effort on their part.

8

Attraction / en-
gagement

Users are drawn to specific elements that prompt them to interact with recommenda-
tions, such as appealing visual cues or a track’s immediate impact.

8
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Table 5: Themes identified for the “Folk Theories of Algorithms”, capturing participants’ mention of folk theories about why
recommenders behave in the ways that they do, which informed their search and sensemaking process.

Theme Sub-Theme Description Count

Commercial /
promotional

Users theorize that recommendations are influenced by commercial interests, payments,
or promotional deals, leading to certain artists or content being pushed more promi-
nently, often regardless of personal preference.

21

Economic incen-
tives

Users speculate that artists or labels might directly pay or have agreements with the
platform for increased visibility.

6

Platforms’ interests Users believe the recommender’s behavior is tied to the platform’s need to generate
revenue, leading it to promote widely popular artists to ensure engagement and broad
appeal.

15

Popularity /
virality

Users believe recommendations prioritize content that is currently popular, trending,
or has gone viral, suggesting a reactive mechanism to widespread engagement rather
than individualized taste.

17

Social media Users frequently cite social media, especially TikTok, as the primary source of viral
content that influences visibility on music streaming platforms.

7

High listenership Users believe recommendations actively promote content that has already gained
significant listenership, reinforcing existing popularity instead of focusing on novel
discoveries.

10

User Data / be-
havior

Users believe recommenders learn directly from their past listening habits, search
history, and interactions to provide personalized recommendations.

40

Direct Users believe recommenders primarily analyze their explicit listening history, like how
often they listen to certain songs or artists.

24

Inferred Users believe recommenders can infer their broader musical taste, even without explicit
listening, and can identify if they are a "niche" listener.

7

Contextual / rela-
tional

Users believe recommenders also consider external contextual information, such as their
friends’ listening, geographical location, or broader trends, to inform recommendations.

9

Table 6: Themes identified as “Conceptions of Bias and Harms”, capturing participants’ definition and identification of recom-
mender bias based on, e.g., the intentions behind the design, the potential for imposition, and the priorities of recommender
systems.

Theme Description Count

Reinforcement of societal bi-
ases

Users observe that recommendations seem to reflect and amplify existing societal biases
related to gender, race, and niche genres.

25

Commercial imperatives Users believe that recommendations are driven by financial motives, such as maximising
engagement and promoting artists with major label backing.

30

Confinement / limited dis-
covery

Users are concerned that recommendations confine their discovery by primarily recommend-
ing content similar to what they already consume, which limits their exposure to new or
diverse artists and genres.

27
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