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Abstract
Recommender systems (RS) play a central role in everyday activ-
ities by generating personalized recommendations that support
users’ choices. In this regard, evaluating whether these recommen-
dations are fair is crucial. However, this is challenging because
fairness criteria vary across stakeholders and existing approaches
span many, often incompatible conceptions and operationaliza-
tions of metrics, as well as trade-offs. To address this problem, we
propose a stakeholder-centered auditing framework that elicits
and formalizes stakeholder perspectives on fairness in RS. We fo-
cus on the music domain, where artists and other item providers,
listeners, and music streaming services (MSS) have potentially con-
flicting goals. Furthermore, we follow a three-stage mixed-methods
approach: (1) data collection through literature review and semi-
structured interviews; (2) framework development through the
analysis and synthesis of collected data; and (3) evaluating the
framework through scenario-based evaluations with stakeholders.
Through this approach, we expect the outcome of a structured au-
diting approach that improves fairness assessments by redefining
what is considered to be appropriate measures to capture fairness
and its trade-offs.
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• Information systems→ Recommender systems; Evaluation
of retrieval results.
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1 Introduction
Recommender systems (RS) play a central role in enabling interac-
tive processes through which users can influence system behavior
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and consequently facilitate algorithmic decision-making by gen-
erating personalized recommendations that support user choice
in consumption, media engagement, and information access [8].
However, they can also raise significant challenges such as fairness.
Fairness itself has emerged as a critical yet unresolved problematic
behavior [9] and it concerns the absence of prejudice or favoritism
toward individuals or groups [31].

When applied to RS, fairness is frequently evaluated using pre-
defined technical proxies and static metrics that rely on implicit
assumptions about acceptable distributions and outcomes [6]. Such
an approach risks producing mathematically optimized objectives
that do not correspond to the perception of fairness in real-world
contexts, while creating an “abstraction trap,” where formal metrics
fail to reflect stakeholder experiences and values [9]. In multistake-
holder environments, the failure of such becomes a limitation since
RS affect diverse groups and cannot be evaluated solely based on
the perspective of a single stakeholder [7].

Acknowledging the limitation, recent research has begun adopt-
ing auditing frameworks. Examples include a causal framework
that uses peer comparisons to approximate counterfactual fair-
ness [15] and a multi-objective framework that examines trade-offs
between accuracy, user fairness, and provider fairness in RS [6].
However, these frameworks do not provide an integrated and oper-
ational approach for translating multiple stakeholder perspectives
and interests on fairness into auditable criteria, measurements, and
interpretive procedures for RS. Given this research gap, we pro-
pose the following key research question: How can an auditing
framework for recommender systems be established using
a multifaceted articulation of stakeholder perspectives and
interests on fairness?

To address this question, we target the problem in the music
domain for two reasons. First, given the subject of this research,
narrowing down the scope is a necessity for producing context-
sensitive and meaningful results. Fairness is not a one-size-fits-
all value [9] and it holds divergent interpretations across various
contexts [21]. Furthermore, RS are embedded in domain-specific
ecosystems in which relevant fairness criteria, affected stakehold-
ers, and socio-technical interactions vary [32]. Second, music is
chosen because the domain is a multistakeholder environment that
is characterized by a particularly biased starting point with respect
to, for instance, gender and fair exposure or visibility of artists [17].

While music is used to narrow the scope, our research is expected
to provide three contributions beyond the domain. First, the devel-
opment of a stakeholder-centered auditing framework makes the in-
tegration of affected stakeholders’ values and goals explicit. Second,
our work provides a structured auditing approach that improves
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fairness assessments by refining approaches to fairness, addressing
fairness trade-offs, and incorporating stakeholder-centered eval-
uations. Third, our work advances the field of personalization by
accounting for normative considerations in fairness.

2 Related Work
2.1 Fairness in the Music Domain
Within the music domain, the digital music value chain involves
multiple stakeholders with varying goals and interests [3]. Among
these stakeholders are item providers (e.g., artists and record labels),
listeners or end users, and music streaming services (MSS) [10].
MSS like Spotify and Apple Music help end users explore extensive
catalogs of songs, which had reached a total of 253 million globally
by the end of 2025 [24]. To help end users navigate this abundance
and match them with songs, artists, and/or playlists that can cater
to individual preferences, most MSS employ music recommender
systems (MRS).

While MRS create more personalized listening experiences [29],
the sole optimization on specific metrics (e.g., user satisfaction [10])
can lead to fairness challenges. For end users, these challenges
include discrimination against a given group defined by a protected
feature (e.g., gender or age) [4] and cases in which recommendation
quality is significantly better for those with mainstream taste [22].
Likewise, challenges in provider fairness may occur when MRS,
for instance, privilege the items of a small group of artists when
maximizing user satisfaction [18], or when feedback-loop dynamics
over repeated cycles contribute to decreased exposure of items, with
consequences such as less revenue for item providers [16].

2.2 Fairness in Recommender Systems
Awidely acknowledged way to define fairness in RS is from a distri-
butional perspective. From this view, fairness concerns whether the
benefits and resources provided by a system are allocated among
affected parties, as well as how a system’s positive and negative
effects are distributed across its subjects [12]. Because of this struc-
turally nuanced definition, assessing fairness is traditionally framed
around “fairness for whom” [9]. Simultaneously, this framing dis-
tinguishes between consumer fairness and provider fairness. Con-
sumer fairness concerns how systems affect end users and whether
these effects are fair or lead to unjust harms [13], while provider
fairness evaluates whether exposure is allocated fairly among item
creators, who benefit when users discover their items [12].

Furthermore, current research in RS frequently focuses on fair-
ness metrics, such as disparate exposure, ranking-based statistical
parity, group utility disparities, and prediction error parity, in offline
evaluations [9]. It is also commonly divided into studies that look
into group fairness and individual fairness. The former is frequently
instantiated through exposure- and ranking-based constraints [34],
while the latter is expressed in ranking settings through formula-
tions that evaluate each candidate separately [37] and with rep-
resentational commitments that require similar individuals to be
treated similarly [11].

Despite this apparent clarity in metrics and division, the land-
scape of fairness assessments contains dozens of metrics that are of-
ten incompatible [2]. Technical work also embeds fairness into opti-
mization by adding regularizers and formalizing relevance–fairness

trade-offs as multi-objective control problems [38]. Subsequently,
this formalization is articulated in studies that focus on exposure-
based ranking as an objective for balancing the items being ranked
with the utility that the rankings provide to end users [34].

In domains like music, the objective is no different. Most discus-
sions focus on evaluating fairness through exposure inequities. For
example, Kowald et al. [23] show that MRS may produce recom-
mendation lists that are extremely concentrated on popular items,
even if a user prefers long-tail, non-popular items. Additionally,
music items are embedded in discussions of cultural interpretation,
which further complicate fairness assessments, since recommen-
dation decisions can be subjective and carry ideological or social
connotations that challenge purely metric-driven evaluations [16].

2.3 Auditing Recommender Systems
Existing work on auditing RS draws on broader discussions of al-
gorithm audits, whose foundations lie in earlier audit studies from
the field of social sciences. Within this field, algorithm audits are
introduced as a way to examine opaque algorithms on internet plat-
forms [30]. They are also formalized as a method of repeatedly and
systematically querying an algorithm with inputs, while observing
the corresponding outputs in order to draw inferences about its
opaque inner workings [27].

Beyond the procedural definitions, algorithm audits are also
structured around questions of affected actors and governance [19].
Users are considered as one of these actors because they can detect,
understand, and interrogate problematic behavior through their
interactions with algorithmic systems [33]. In addition, this con-
sideration aligns with the noninvasive user audit tradition, which
informs the foundation of our research, particularly because the
tradition allows for the collection of information about users’ nor-
mal interactions with a platform in order to infer how its algorithm
operates [30].

Furthermore, the “Algorithmic Auditing for Music Discovery”
(AA4MD)1 research project [28] provides the closest point of ref-
erence for our research project. AA4MD looks at the relationship
between RS’ mechanisms and music discoverability, particularly in
relation to the promotion of cultural diversity. However, instead of
observing discoverability, our research project focuses on fairness,
while simultaneously maintaining the emphasis on prioritizing the
perspectives of those who are most affected by RS.

2.4 Stakeholder Inclusion in Auditing for
Fairness in Recommender Systems

In RS, users are simultaneously producers of algorithmic input and
consumers of algorithmic output, which makes them uniquely po-
sitioned to detect and reflect on algorithmic harm [19]. However,
referring to these actors as “users” may be misleading, since fair-
ness concerns in multistakeholder environments extend beyond
end users. Using the term “stakeholders” is preferable, as it ac-
knowledges that different actors who are affected by RS may hold
distinct values and goals that correspond to different fairness needs
[7]. Subsequently, this acknowledgment requires the inclusion of
both end users and item providers, attention to how benefits (e.g.,
exposure or effectiveness) are distributed across stakeholders, and
1Project website: https://aa4md-project.eu/
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a departure from the assumption that a single quantitative metric
suffices in RS assessments [2].

In a related vein, quantitative metrics in fairness assessments
frequently leave out normative claims and in-depth contextual
meanings [9]. User studies also show that behavioral shifts toward
quantitatively assessed fairness objectives may not translate into
appropriate fairness judgments unless explanatory information is
provided [1]. Even in ranking-based evaluations, fairness is also
experience-sensitive because exposure is largely determined by
presentation choices that mediate stakeholder outcomes and per-
ceptions through interactions [34].

Considering the experience-sensitive nature and its dependence
on interaction dynamics, an auditing framework for assessing fair-
ness must be attentive to the conditions through which recom-
mender effects are experienced among affected stakeholders. Mean-
ingful audits and the development of an auditing framework also
require attention to stakeholder interests, as their expressed priori-
ties may help identify harms that experts might miss [26].

3 Methods
To develop a stakeholder-centered auditing framework for assess-
ing fairness in RS, our doctoral research project adopts a mixed-
methods approach. This approach is organized in three sequential
stages. Stage 1 involves data collection to establish conceptual and
empirical foundations. Meanwhile, Stage 2 proceeds with frame-
work development by analyzing and synthesizing the collected
data using qualitative and quantitative methods. Finally, Stage 3
involves applying and testing the developed framework by using
stakeholder-centered scenario-based evaluations to ensure that the
framework remains aligned with stakeholder interpretations.

Considering the focus on data collection in Stage 1, we plan to
begin by conducting a literature review. Conducting this review
allows for a synthesis of concepts, assumptions, and qualitative
comparisons, which can also be used for the subsequent interview
sessions. For these sessions, they are planned to be recorded and
their structure integrates two components: a semi-structured for-
mat and a card-sorting activity. The latter is included to organize,
categorize, and reflect on relevant expressions, as well as to identify
what participants consider “most important” and “least important”
[25]. After the sessions are completed, the recorded interviews are
planned to be transcribed before moving on to Stage 2.

In Stage 2, the focus is on data analysis, where appropriate meth-
ods are applied to interview data (e.g., thematic analysis [5]) and
card-sorting outcomes (e.g., clustering analysis [14] and dominance
estimation [20]). Once the analysis is finished, the results are syn-
thesized to produce an initial framework as a starting point.

Moving on to Stage 3, the initial framework from Stage 2 is
tested through stakeholder-centered scenario-based evaluations.
These evaluations are intended to allow further refinement of the
framework through additional participant input (e.g., via interpre-
tive formative evaluations [36] with stakeholders) and to achieve
ecological validity in interpreting fairness [9].

4 Progress and Results
Figure 1 illustrates the planned and ongoing research activities
using a Gantt chart. Within this chart, we grouped all the activities

Figure 1: Doctoral research timeline as of Q1 2026

into five categories. The first category outlines the common activi-
ties that may occur throughout a doctoral research program. These
include research definition and proposal development during the
first three quarters, as well as the ongoing monitoring of the state
of the art in RS, platform policies, and related industry changes.

At the moment, the research definition activity is complete and
a proposal that outlines the research problem, methodology plan,
proposed timeline, and alternatives is being finalized. As for the
next activities, they correspond to Phase 1, which begins with con-
ducting a literature review and is currently being prepared. Mean-
while, Phase 2 involves activities related to framework development.
Phase 3 concerns the activities for evaluating the developed frame-
work, while Phase 4 focuses on synthesizing the research, as well
as writing it up and defending it as a doctoral thesis.

Looking beyond the planned phases, this research project is
intended to result in a framework that makes auditing for fairness
more actionable in practice. In this sense, the broader value of our
project lies in its potential to support more structured and context-
sensitive fairness assessments in RS.
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