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Abstract

Music recommender systems (MRS) have significantly changed how listeners discover and interact with music.
However, these systems often prioritize mainstream content and hence marginalize niche music, as well as users
with specific tastes or backgrounds. This imbalance stems from demographic biases as well as algorithmic design,
and it may reinforce filter bubbles and limit exposure to diverse music. While previous research mostly addressed
fairness in music recommendation from a system-centric perspective, little attention has been given to user
perceptions of fairness and how these perceptions affect decision-making. In this paper, we aim to explore
participants’ initial preferences, how additional information influenced their choices, and the factors motivating
changes in decision-making. To address these questions, a mixed-methods user study was conducted with 28
participants, combining quantitative song ranking and categorization tasks with qualitative reflections on fairness
categories. The results show that users are generally reluctant to revise their initial choices, even when given
more positive or negative information, showing the influence of the commitment principle. By viewing fairness
as a user-centered experience rather than merely a system attribute, this study offers new insights for designing
recommender systems that better promote diversity and fairness.
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1. Introduction

Music plays an important role in our lives and is often associated with particular life events, locations and
emotions. Particularly, music allows individuals to convey their identities [1, 2, 3]. Music recommender
systems (MRS) provide guidance by suggesting music to users [4], therewith influencing what is being
played [5]. However, despite tailoring recommendations to users’ preferences, these systems ironically
tend to favor mainstream music [6], resulting in unsatisfactory suggestions for users with niche or
non-mainstream tastes 7, 8].

Effective RS should not only align with established user preferences but also introduce novel music
selections that extend prior listening history [9]. Existing methodologies primarily focus on accuracy
and preference alignment, yet often neglect the importance of joint item selection and recommenda-
tion timing, contributing to suboptimal recommendation strategies [10]. Furthermore, fairness and
inclusion of minority, non-mainstream users and user groups is becoming increasingly important in RS.
However, studies [11, 12] indicate that increased algorithmic fairness does not consistently improve
users’ perceived fairness.

As empirical studies reveal a gap between perceived and metric-based fairness, this poses a core
challenge for fairness-aware design [7] and requires exploring user perceptions and influence on
fairness. While prior research has examined artists’ perceptions on fair representation [13, 14], little is
known about how users’ fairness perceptions affect their decision-making. Providing fairness-related
information may promote more equitable choices [15], but its effectiveness varies by user, as shown in
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nudging studies on music selection [16].

Fairness in terms of representation of user groups and their respective music choices may be perceived
neutral, positively or negatively by users not belonging to these groups. This is expected to depend on
a user’s perception of different minority groups. However, it is unknown whether fairness explanations
will affect a user’s music preferences. Prior research [17] provided indications that this may not be
the case. For instance, one may be supportive of the LGBTQ+ movement, but not necessarily enjoy
quirky queer songs. In our study, we explore participants’ initial preferences and whether additional
information on the songs’ cultural and societal associations alters their preferred ordering. We also
examine whether and how participants relate songs to minority groups. Most importantly, we aim to
understand the factors that motivate participants to change or maintain their choices.

2. Related Work

In cultural areas like music, fairness and diversity matter greatly [6, 7]; nevertheless, most research
still focuses on the technical side. Far less is known about how users perceive fairness, or how those
perceptions affect their satisfaction.

2.1. Fairness in Recommender System

Popularity bias remains a persistent obstacle: users tend to gravitate toward mainstream music, causing
long-tail or niche items to be underrepresented [18, 19, 8, 20]. As a result, this bias disproportionately
amplifies dominant artists and genres, which are primarily Western and English-language, similar to
the origins of the dominant, mainstream user groups [6, 18, 21, 22].

Increasing diversity in recommendations can improve the appeal and user satisfaction of recommen-
dation lists. However, greater diversity may also increase the difficulty of making decisions [23, 24].
Systems that do not account for user-specific preferences in the decision process may undermine
perceived fairness, particularly for users with niche interests [21]. For instance, gender bias amplifies
these challenges, as female artists are frequently underrepresented.

These issues underscore the necessity for equity and systemic change that extends beyond algorithmic
performance metrics [25, 26, 27]. Most fairness-aware systems are evaluated using offline metrics,
which fail to capture user perceptions or interactive experiences [28, 7]. While top-down interventions
may satisfy statistical targets, they can still appear unfair or irrelevant to users.

To address these gaps, user-centered approaches are necessary. In these approaches, fairness is
co-defined with users to ensure that algorithmic outcomes align with perceived fairness [29].

2.2. Transparency, User control and Perceived fairness

Transparency is critical for fostering user acceptance and trust in recommender systems (RS) [30].
Providing explanations can encourage faster decision-making [31], and promote sustained engage-
ment [32, 30, 33]. However, transparency is not a one-size-fits-all principle, as different stakeholders
have different goals [30].

The application of fairness constraints without adequate explanation can diminish user trust, as users
may experience alienation if outcomes differ from their expectations, even when these outcomes are
statistically fair [25]. [25] indicate that providing contextual cues, such as clarifying the prioritization
of diversity, assists users in interpreting fairness interventions and sustaining trust.

User control is key to fairness in recommender systems. Allowing users to set fairness preferences
aligns recommendations with individual needs [34] and helps balance relevance and diversity. This
reduces dissatisfaction when system-imposed fairness differs from user expectations [35].

Perceived fairness is influenced by the degree of the user’s familiarity with the recommended items.
Excessive exposure to either familiar or novel items can decrease user satisfaction. This highlights the
importance of calibrated diversity that maintains a balance between user comfort and exploration [36].



Interface design choices, such as modifying genre visibility or implementing nudging mechanisms, can
promote exploration while preventing user overload [37].

2.3. Bias Mitigation and Personalization

Research on online platforms highlights the challenge of applying fairness in personalization and
recommendation systems due to their multi-sided nature involving users and creators [38]. Researchers
have recently explored rich sub-group fairness, aiming for fairness across multiple intersecting sub-
group categories [39]. In another study, Previous research explored how the visibility of minority
groups could be amplified or mitigated by varying levels of homophily within each subgroup [40],
therewith making other users more aware of what aspects define the subgroup’s identity.

Fairness encompasses multiple dimensions, such as popularity, genre, gender, and nationality [41].
Allowing users to customize fairness objectives increases satisfaction and reduces cognitive dissonance
resulting from unexpected or misaligned outcomes [42].

Hybrid approaches integrate personalization with fairness constraints, demonstrating that relevance
and bias reduction can be compatible objectives [43]. Dynamic adjustment of fairness parameters enables
systems to accommodate changes in user intent and context. Consequently, fairness is conceptualized
as a continuous negotiation rather than a static configuration [44].

Biases in data and model objectives influence not only what is recommended but also how recommen-
dations are perceived. Demographic, cultural, and popularity biases embedded in historical data can
lead to unequal exposure, even when systems appear accurate [7]. Music preferences for diversity and
popularity vary widely across countries and cultural groups [45], underscoring the need for fairness
definitions that adapt to context. Unfortunately, popularity bias prioritizes tracks with high play counts,
marginalizing niche artists and reinforcing mainstream hierarchies, ultimately leaving little to no space
for music and artists that differentiate too much from what is considered ‘the norm’ [22, 18].

To combat this effect, algorithms designed to enhance diversity by introducing users to various genres
or employing multi-objective optimization can reveal novel yet pertinent content [23, 36], thereby
supporting more informed decision-making and exploratory behavior.

In summary, fairness becomes an increasingly important topic in RS. Negative effects of biases and
the role of transparency and explanations have received quite some attention. However, the effect of
fairness explanations on a user’s music preferences is an under-researched area, and therefore the focus
of our study.

3. Methodology

We conducted an online user study to investigate whether providing additional information about the
fairness attributes of songs influences users’ decision-making in ranking tasks. More concretely, we
asked them to first rank songs based on their individual taste and then provided labels on how some of
these songs were associated with specific groups defined by gender, age, orientation and nationality.
The study also examined how participants reflect on these fairness categories themselves and which of
these they considered important, with a particular focus on user experience. The university’s ethics
and privacy board classified the study as low risk, requiring no further assessment.

3.1. Selection of Fairness Categories

In this study, we address several key dimensions that have been identified as sources of bias in music
recommendation systems, as discussed in Section 2.1. Popularity bias often arises when mainstream
music dominates recommendations, overshadowing niche works [46]. Gender representation is another
persistent concern, with female and non-binary artists frequently under-represented compared to
male artists [25, 47]. Nationality also influences visibility, as local artists experience varying levels of
exposure across different regions [45]. Recommending ethnic or region-specific music is particularly
challenging, given its limited compatibility with Western-centered recommendation methods and



smaller user bases [48, 49]. Further, studies [50] indicate that late adolescence and early adulthood
significantly influence individuals’ music preferences. Music released during periods targeting specific
age demographics is more likely to be favoured by them. Finally, research has shown that LGBTQ-themed
playlists both reflect and shape LGBTQ identities and cultures, highlighting an additional important
aspect of fairness in music recommendation [51].

3.2. Study Setup

The study was conducted online. The procedure was as follows :

Step 1: Pre-study survey. After providing informed consent, participants provided demographic
information (age, nationality, gender) before proceeding to the next task. We only included participants
residing in the Netherlands. The study was completed by 28 participants with a mean age of 37 years,
ranging from 25 to 61. Nineteen participants were European, with a majority of 15 from the Netherlands.
The gender distribution included 14 women, 13 men, and 1 Non-Binary/Other.

Step 2: Initial ranking. Participants were presented with 20 songs in a grid-style format(Figure
1), each assigned a randomly defined rank number, to avoid middle-option bias [52]. Each song was
displayed as a card containing the title and artist name, with the option to listen to a short preview [16, 17].
The songs were selected based on various fairness categories, as explained earlier in Section 3.1. At this
point in time, no labels regarding the fairness categories were presented to the participants.

Participants ranked the songs based on personal preference by dragging and dropping them to define
their desired order before submitting their responses and proceeding to the next task. The purpose of
this task was to capture the participants’ baseline music preferences. The details on song selection are
in the next Section 3.3.

Song Ranking

Hold the mouse on the blue background to drag, drop, rearrange the songs. When the order feels right enough,
hit "Done" button below.
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Figure 1: First Ranking Task : Song locations are labeled from 1 to 20, and participants ranked the songs from

most (1) to least (20) preferred by dragging and dropping.

Step 3: Categorization task. In this task, participants were asked to place the 20 songs from the
previous task into the four predefined fairness categories related to gender, age, orientation, nationality
and mainstreamness, as described in Section 3.1, with each category having three slots(Figure 2). Each
category included a short description to help guide their choices. Songs appeared in the same rank
order as the participant had assigned earlier in Step 2. Each song could be placed in only one category,
but participants were free to move songs between categories. This task aimed to understand how
participants associated songs with the different fairness categories.

Step 4: Comparison task. For each fairness category, participants saw how their own song
categorizations compared to the system’s (Figure 3). The interface included open-ended questions for
participants to reflect on the categories and the system’s choices. The task aimed to gather perspectives
on the categories, assess agreement with the system’s interpretation, and understand how participants
perceived the comparison.



Assign three songs to each categories!

Pick 3 songs for each group based on your instinct. Once you are happy with your selection, click the "Done”
button below.

Gender Age Location Orientation

Songs by power women Retro songs Songs from Europe Songs associated with queers

Figure 2: Categorization Task : Participants were asked to assign the presented songs into categories by dragging
and dropping.

Your pick System pick Locatlon

Songs from Europe

What are your thoughts on this category, looking at
your picks and the system's?

Figure 3: Comparison Task :Participants compared their own selections with the system’s and provided feedback
on the categories.

Step 5: Final ranking. In this task, participants were presented with the same 20 songs again,
displayed in the ranking order they had previously created (Figure 4). This time, the interface included
explicit labels, indicating the fairness categories to which each song belonged. Participants were given
the option to adjust their rankings if they wished, or to retain their original order.

Step 6: User experience. At the end of the study, participants were presented with an optional
open-ended question to share their reflections on the overall user experience.

3.3. Song Selection

We included 20 familiar songs to ensure that participants had enough options without any one domi-
nating song. We selected three songs per fairness dimension, adding up to twelve song. In addition,
eight mainstream songs were included as a baseline, because we wanted our interface to resemble the
homepage of a music platform, which primarily features mainstream songs.

As our task aimed to ensure participants’ familiarity with as many songs as possible, we selected
tracks from websites listing top artists relevant to our study dimensions. These websites originated
primarily from the Netherlands, where our participants resided, or from Billboard.com when local
sources were insufficient. Spotify popularity scores’

Gender dimension. The artists in this dimension were selected to represent female artists, an
underrepresented gender category, as discussed in Section 3.1. To ensure clarity in gender attribution,
only solo artists were included. The final artist selection was based on Billboard’s overview of the top

were used as a proxy for familiarity.

'Retrieved from https://developer.spotify.com/documentation/web-api/reference/get-track


Billboard.com
https://developer.spotify.com/documentation/web-api/reference/get-track

Happy with your rankings

You can adjust your ranking if you want.It's all about what feels right to you. When you are ready, click "Done"
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Figure 4: Final Ranking Task : Songs were labeled from 1 to 20, with additional information provided, and
participants ranked them from most (1) to least (20) preferred by dragging and dropping.

(power) women artists of the 21st century”

Age dimension. Here, we selected classic rock songs released in the 1970—1980 that are commonly
associated with older generations, as our participants were either very young or not yet born when
the song was released, but they would most likely still be familiar with the songs. Artists and songs
were selected from the 2024 Classic Rock Top 100, published by prominent Dutch radio station Arrow
Classic Rock®

LGBTQ+ dimension. Here, we included songs recognized within the queer community for their
thematic content or the values represented by the performing artists. Sources included Billboard’s
overview of queer anthems and a Dutch ‘Gay Top 100’ hit list*

Nationality dimension. To reflect music with non-English lyrics from countries geographically
close to the Netherlands, we selected songs from Belgium (in French), Germany (in German), and the
Netherlands (in Dutch). To ensure familiarity among our Netherlands-based participants, we used
Top40.nl, the main Dutch music chart website, as a source for major hits in each language®

Super-mainstream songs. Lastly, the task required a baseline of highly popular mainstream songs
that clearly did not fall under any fairness category. To fulfill this criterion, we selected tracks that
were not performed by women solo artists, released after 2009, not associated with LGBTQ+ themes,
and either in English or performed by artists from the US, Canada, or UK. Sources included ranked lists
from the Netherlands and the US, featuring songs that have remained at number one on their respective
charts for the longest periods.

4. Results

We first present a quantitative analysis of the participants’ song ranking, followed by a qualitative
analysis of participants’ perceptions and reasons behind their song categorization.

4.1. Quantitative Analysis

This section presents the ranking of songs across the four fairness categories. It also shows correlations
between participants in terms of song ranking and whether their selections changed across different
ranking rounds.

“Billboard Top Women Artists of the 21st Century.

3 Arrow Classic Rock 500 (2024).

*Sources: Billboard LGBTQ+ Anthems and Hitzound Homo Top 100.

*Sources: Top40 French-language hits, Top40 German-language hits, and Top40 Dutch-language hits.
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4.1.1. Song Rankings by Category

As mentioned in Section 3.3, we categorized the songs and, in order to investigate whether a particular
category would rank consistently higheror lower overall compared to others in terms of average
ranking. Table 1 shows the results from both ranking rounds. As expected, mainstream songs had the
highest rankings, as shown by their low average ranking values (with 1.0 as the best possible ranking).
Orientation, gender, and location followed. This pattern remained the same in the second round, with
only minor differences between the first and second ranking.

Table 1
Average Rankings of Song Categories Across Two Rounds

Category First Ranking Second Ranking
Mainstream 9.34 9.43
Orientation 10.42 10.21
Gender 11.13 11.02
Location 11.50 11.55
Age 12.02 12.05

4.1.2. Kendal Tau Correlations

In order to explore whether any patterns were emerging among the participants of the study, we used
Kendall’s tau, a statistical measure that quantified how similarly the participants ranked the songs
among themselves and between ranking rounds.

Participant Comparisons. To find if there were any patterns or similarities among the study
participants and to see how closely their rankings matched, we created a 28x28 matrix (Figure 5), which
displays the correlation between each pair of participants.

Kendall's Tau Correlation Heatmap - First Ranking
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Figure 5: Kendall Tau Matrix

Elaborating on this, the results in Table 2 confirm that participants ranked songs in very different
ways. Both the average (“7” = 0.056) and median (“z” = 0.053) Kendall’s “z” values are close to zero,



meaning there was little agreement about the rankings. The highest 7 value suggests that some pairs
of participants agreed somewhat, but the lowest value shows that some ranked the songs almost in
opposite order.

Table 2
Overall Kendall’s Tau Statistics - First Ranking

Statistic Average Tau Minimum Tau Maximum Tau  Median Tau
Value 0.056 -0.600 0.505 0.053

As no widely accepted closed-form approach exists for conducting power analyses directly for
Kendall’s 7, Pearson’s correlation was used as an approximation. With 28 participants, a significance
level of & = 0.05, and such small 7 values, there was not enough statistical power to reliably detect
agreement.

Rankings Rounds Comparisons. We also further quantified the observed small differences between
the initial and final rankings of participants. To do this, we used Kendall’s tau to measure the variation
in song rankings between the two rounds for each participant. For 24 participants, the Kendall’s tau
value was 1.0, indicating that they did not change their rankings between the two rounds at all. For the
remaining 4 participants, the Kendall’s tau value was slightly less than 1, indicating only some small
changes in their rankings.

4.2. Qualitative Analysis

This section covers the qualitative part of the study, focusing on participants’ perceptions and thoughts
about how songs were categorized, as described in Section 3.2. The coding framework is described in
Table 3.

Based on the between-participant Kendall tau matrix ( Figure 5), we created two groups of 5
participants: those with the highest average Kendall tau (“z”) values compared to all other participants
(i.e. those with rankings that are most similar to the other participants) and those with the lowest
average Kendall tau (“7”) values (indicating that their rankings had little to none agreement with
other participants’ rankings). This approach helped us to see whether participants’ perceptions and
interpretation of system choices may be related to (the lack of) shared understanding, as represented by

their song ranking.

Table 3

Coding framework for the qualitative data
Code Definition
Agreement User agrees with the system’s categorization.
Disagreement User disagrees with the system’s categorization.
Decision criteria Cues users rely on to assign categories.
Category ambiguity ~ Uncertainty or critique of the category itself.
Task constraints Effects of interface limitations.

4.2.1. Participants with high average Kendall Tau (“7)

System Affinity. We found patterns in the qualitative data for participants with high average Kendall
tau values (Table 4). These participants found their selections to be closer to the system’s picks and
agreed with the system for the categories. For example, “No brainer”P6 “What can I say, perfect
score!” P7 These examples demonstrate concordance in their judgments, suggesting shared perceptions
regarding the assignment of songs to categories.

Category Aflinity. For categories like female representation, participants generally found the
system’s picks aligned with this aspect. For some songs, such as those by Lady Gaga, there was



Table 4
Participants with High Average Kendall Tau (

€« 9y

7’) Values

Participant Average Kendall Tau

P7 0.189
P3 0.128
P6 0.136
P4 0.128
P22 0.128

a consensus among participants (p4, p6, p22) that these fit both the queer icon and power women
categories. For the location category, participants sometimes made choices based on song language and,
at other times, on the artist’s origin. For age, participants considered it relative to their own experiences,
loosely defining songs from the 70s—90s as retro. “Parents would have listened to them.”P22

Overall, high average Kendall tau values show that participants who categorized songs similarly in
one category tended to agree across multiple categories, reflecting shared cultural understandings of
queerness, female empowerment, European identity, and musical retro appeal.

4.2.2. Participants with low average Kendall Tau (“7)

System Affinity. For participants with low average Kendall tau values (Table 5), we found patterns
of disagreement with the system selections. They tended to diverge more from the system’s selection
logic. “That apparently only Canadian women can be powerful.”P11 Some participants indicated doubt
and showed disconnection with the system’s categorization.“I typically find it useless to categorize
music based on the author’s attribute”P16

Category Affinity. In the gender category, participants found that the way songs were shown,
with images and artist selection, made it easier for them to categorize. For the location category,
disagreements arose over how ’European’ should be interpreted, with some rejecting that it should be
based on nationality or language. “That UK is also part of Europe.”P11 “Despacito is Spanish style!!!”P1
In the age category, participants disagreed with the system’s association of certain music as ’retro,
viewing it as subjective. Divergence in the age category was less pronounced than for orientation.

In general, these low Kendall tau values highlight areas where the choices of the participants conflicted
with the system, pointing to subjectivity,also showing how presentation affects interpretation.

Table 5
Participants with Low Average Kendall Tau (“7”) Values

Participant Average Kendall Tau

P10 -0.0604
P11 -0.0456
P18 -0.007
P1 -0.001
P16 0.0011

5. Discussion

The results of the song ranking in Section 4.1.1 show that mainstream songs were ranked higher by
participants compared to other categories. One reason for this ranking is the effect of popularity bias [8],
which is consistent with previous literature [22, 18]. Another likely reason for the preference toward
mainstream songs is familiarity with the content itself, which aids in the decision-making process [36].

The Kendall’s tau values for our sample set were low, indicating a surprisingly low level of consensus
among participants in terms of their song rankings. This suggests that participants had diverse musical
tastes and preferences. Such diversity could be attributed to several factors, including participants’



personality traits [53], their individual goals during the study, and the way the available options [54]
influenced their decision-making. Also, a recent representative survey revealed that patterns in genre
preference do not necessarily translate to patterns for sub-genres or individual songs [55]. This
emphasizes personalization as a critical user experience factor influencing interaction and outcomes.

Differences in familiarity with the music between the participants and the (intentional) lack of
clear criteria during the study may have also contributed to this inconsistency, as each participant —
as instructed — relied on their own preferences and interpretation of the ranking task. The lack of
significant agreement indicates that no single song or type of music dominated in their selections - i.e.
the songs were quite comparable in terms of popularity .

Furthermore, there was no significant change in the rankings for the majority of participants across
both rounds, indicating that information about the fairness categories did not influence their decision-
making strongly enough to compel them to change their initial preferences. A similar pattern has been
observed in other studies [17], where participants also tended to maintain their original choices. One
possible explanation for this behavior involves loss aversion and the commitment principle [56], which
suggest that people tend to remain consistent with their earlier decisions, even when new information
or better options become available, often to avoid a perceived loss.

Section 4.2 describes how participants evaluated their own song categorization compared to the
system’s choices. A pattern emerged: participants whose song rankings were moderately similar to
other participants tended to view the system’s picks as accurate and aligned. In contrast, those with
least similarity often disagreed with the system.

When comparing the participants’ remarks from both groups, it appears that participants who agreed
more with the system were more familiar with the sub-group categories and held shared views on
songs related to them. This suggests that alignment with system recommendations depends strongly
on users’ familiarity with and interpretation of the underlying categories.

6. Conclusion

This study explored how perceptions of fairness influence user decision-making. We observed that
ranking behavior differed wildy between participants , confirming that song preferences are highly
individual. Further, the results indicate that informing participants about the relation of a song with a
particular fairness category (i.e. gender, age, orientation and nationality) had only little impact on their
initial rating. These findings show that initial choices strongly influence participants, and — assumingly
because of commitment bias and loss aversion — people rarely change their original selections. This
suggests that if a systems aims to encourage fairness-related choices, it is more effective to present these
options before they make a decision. The results also suggest that participants with similar selections
tended to interpret the fairness categories in similar ways, while those with different tastes often had
different interpretations.

With the above main findings, this study provides several insights to be taken into account in future
fairness-related studies and insights to inform the design of persuasive strategies for fairness. First,
interventions are likely to be more effective when users are made aware of them as early as possible, to
avoid commitment bias. Second, the effectiveness of interventions may be further increased by actively
furthering common, shared understanding.
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