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ABSTRACT

Music recommendations are increasingly part of the lis-
tening experience of people all over the world, especially
in the context of streaming services. In this scenario, rec-
ommender systems’ role is to help users in finding music
that can fit their interests and tastes. However, Western-
centric perspectives in systems’ design are often subject
to criticisms because of their power of reinforcing already
existing cultural bias and therefore potentially impacting
negatively on the music distribution mechanisms. In our
research proposal, we aim to address the problem of as-
sessing the impact of music recommendation diversity, or
the lack thereof. This requires 1) the formalization of a
working definition of diversity in the music field 2) the de-
velopment of evaluation practices for estimating diversity
in the context of music recommender systems 3) the obser-
vation of emerging impact due to music recommendation
diversity 4) the proposal of countermeasures for mitigating
negative or reinforcing positive impact observed. Basing
on already known consequences of information technolo-
gies in political, economic and social areas, our goal is
to understand the cultural impact that music recommender
systems can have on our society.

1. INTRODUCTION

Our age has been dominated by the advent of streaming
services, and music, or more generally audio-visual con-
tent, is a cultural product for which the enjoyment and
production have been extensively influenced and re-shaped
in the last century. As Benjamin at the beginning of the
20th century underlined in his "Das Kunstwerk im Zeitalter
seiner technischen Reproduzierbarkeit" ("The Work of Art
in the Age of Mechanical Reproduction"), the dual identity
of music, which influences and is influenced by society, is
strictly defined by the historical circumstances, and funda-
mental are the relationships between the work of art, the
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medium and human perception [2].
The widespread use and easy accessibility of streaming

platforms is an important achievement for today’s music
listeners, which are one click away from the possibility to
enjoy their favourite music and to discover new artists. In
this panorama, recommender systems play a key role as
bridge between users and the large amount of content ac-
cessible in digital repositories. Indeed, to browse the large
catalogue of tracks in streaming platforms is a task that
may reveal truly complicated for a user [10]. Music rec-
ommender systems represent a fraction of the wide fam-
ily of recommender systems, often used in streaming ser-
vices for tasks such as playlists continuation or the creation
of personalized music radios [24]. Consequently, most of
the users’ listening behaviours are nowadays subject to dif-
ferent layers of algorithmic-generated interactions, accom-
plishment that can bring along with it opaque social, eco-
nomic and cultural issues [12, 33].

In our work, we are interested in assessing how the
diversity, which characterizes music from different parts
of the world, is represented within recommender systems,
and what can be the consequences of diversity in music
recommendations, or the lack thereof. We argue that to
preserve the richness of musical cultures is undoubtedly a
crucial mission of modern technologies, and recommender
systems have a critical role in that because of their impact
on music distribution [8].

The document is structured as follows. Section 2 pro-
vides an overview of the previous work on Recommender
Systems (RS) and its relationships with the concept of di-
versity, and also how this concept has been approached in
the Music Information Retrieval (MIR) field. Afterwards,
in Section 3 we present the research goals identified in our
research, followed by preliminary outcomes in Section 4.
Finally, conclusions and future work are discussed in Sec-
tion 5.

2. RELATED WORK

2.1 Diversity in Recommender Systems

First concerns about the lack of user-centric perspectives in
the design of recommendation systems, and related evalu-
ation metrics, start to emerge around two decades ago [19].
In particular, the focus on improving the systems’ per-
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formance looking exclusively at the accuracy started to
be criticized, and alternative evaluation frameworks took
hold, introducing the so-called beyond-accuracy metrics.
In the literature, the most established of these metrics are
diversity, serendipity, novelty, and coverage, and we refer
to [11] for an extended survey and analysis of these met-
rics. Following, we focus on diversity, the central topic of
our work.

The need to adopt diversification strategies, i.e."to iden-
tify a list of items that are dissimilar with each other, but
nonetheless relevant to the user’s interests" [34], is often
related to counteract the so-called portfolio effect, a situ-
ation where recommended items are highly similar to the
ones targeted by the user, described by Burke in [4]. At
the same time, it justified the emergence of new evalua-
tion metrics, such as the Intra-List Similarity presented by
Ziegler et al. in [36], where the items of a list are compared
between each other for estimating the general degree of
the list dissimilarity. However, when trying to improve the
performance of recommender systems in terms of diversity
metrics, the accuracy of these systems started to be chal-
lenged. This led to the emergence of the diversity-accuracy
dilemma, hence how to balance the trade-off between di-
versity and accuracy. Several techniques have been pro-
posed for solving this trade-off, for instance using directed
random walks [16], or hybrid algorithms [35].

The multiple facets of diversity have implied the ur-
gency for considering a wide conceptualization and dif-
ferent measurements, therefore different approaches also
in the recommender systems literature have tried to tackle
the problem of tuning the degree of diversity of recommen-
dation lists. Among the others, in our research line we see
links with works on temporal diversity [15], intent-oriented
diversity [32], genre diversity [31], and multi-attribute di-
versity [6]. For an extended review of the approaches to
diversity in recommender systems, we refer to [13].

2.2 Diversity in Music Information Retrieval

Our understanding of music diversity is partly based on
the analysis of the semiology of music done by Molino
in [20]. Indeed, what the author argues is that historical
circumstances lead to a constant process of aesthetic rev-
olution, making difficult to appear processes of standard-
ization of the music languages. Even if subject to an in-
creasing influence of the mass industry, music symbolic
evolution tends to preserve its nature of constant diversi-
fication process. In a parallel direction, when analyzing
the relationship between Western Music and other musi-
cal cultures ("its Other"), Born and Hesmondhalgh in [3]
underline that 1) the mutual influence that different musi-
cal cultures have on each other, and 2) the development
of these cultures in a system with specific socio-economic
characteristics, are two processes strictly related.

In the field of MIR, diversity has often been examined
in relation to musical tastes, hence to the aesthetic domain
i.e. the more diverse is the music that you like, the more di-
verse are your musical taste. From another perspective, di-
versity, intended as differences in cultural music traditions,

has also been at the centre of attention when dealing with
information technologies built for extracting knowledge
from the poietic domain i.e. the analysis of creative pro-
cesses. In this direction, the work started by Serra in 2011
in the context of the project CompMusic 1 is an outstand-
ing example of the need for including diverse approaches
when tackling the multicultural reality of the music of the
world [26].

Music recommender systems research has focused on
the problem of understanding and representing diversity at
two levels. At an individual level, it has been shown how
personal traits and listening behaviours influence users’
need for diversified recommendations [18, 29]. From an-
other perspective, by means of cross-country analysis rela-
tionships between diversity and musical preferences have
been investigated, aiming at evidencing how cultural dif-
ferences in geographical regions can also be reflected in
the listening experiences [7, 17]. These research lines re-
flect two of the future research directions of music rec-
ommender systems research identified by Schedl et al. in
[24]: Psychologically-inspired music recommendation and
Culture-aware music recommendation.

3. RESEARCH GOALS

The work of diversity assessment designed is structured in
four main goals. In the beginning, the main attention is
posed on the development of theoretical instruments for
defining and evaluating diversity in the area researched.
Subsequently, the focus is shifted in understanding the
consequences of music recommendation diversity from a
human-centric perspective, as described in the next sec-
tions.

3.1 Develop a Framework for Defining and
Evaluating Music Recommendation Diversity

The first research goal identified is the creation of a frame-
work for defining and evaluating music recommendation
diversity, specific to the MIR and RS fields. A framework
that must assure: 1) a solid theoretical background; 2)
the development of analysis tools (toolkit, software, etc.).
Given the not univocal nature of diversity, as discussed by
Stirling in [27], our starting point is to understand how di-
versity has been approached in different literatures.

3.2 Assess Music Recommendation Diversity

The next step is to research how music recommender sys-
tems behave in different scenarios, focusing on the two
classic dimensions of recommender systems: user and
item. By making explicit the questions that we hypothe-
size, can we affirm that a recommendation list is more di-
verse than another one? Can we compare recommendation
lists created by different systems, and affirm which system
embeds more diversity? Can we compare recommendation
lists created for different users, and stating if a list is more
diverse than the other? Undoubtedly, the pitfalls contained

1 https://compmusic.upf.edu
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in these questions are several. At the end of this phase, we
aim at being able to compare different music recommender
systems and to evaluate how tuning systems settings can
influence the outcome diversity.

3.3 Understand the Consequences of Music
Recommendation Diversity

What we are most interested in is to understand what might
be the societal impacts of using recommendation technolo-
gies in the context of cultural development. Starting from
already-known negative effects on society (such as filter
bubbles [21], echo chambers [28], and cyberbalkaniza-
tion [30]), our objectives are: 1) to understand if conse-
quences found in other areas can be reproduced while an-
alyzing music recommender systems; 2) if others conse-
quences can be found, specifically related to music field.

3.4 Propose Countermeasures for Tuning Music
Recommendation Diversity

The final part of this work will target the consequences
and impacts found, proposing novel methods for contrast-
ing the counter effects of these technologies on humans. It
is difficult to identify a priori the techniques to be devel-
oped, considering the wide range of scenarios that might
derive from the research planned. However, we aim at in-
cluding a complete spectrum of outcomes, from negative
ones, where recommender systems are proven to damage
human beings, to positive ones, where on the contrary the
use of this technology can improve the well-being and can
be used for the social good.

4. PRELIMINARY OUTCOMES

Following the research line previously defined, exploratory
experiments have been carried out, thanks to which it has
been possible to achieve two initial results. On one hand,
in [22] we were able to explore standard diversity measures
from the Information Theory literature, applying them for
a comparative analysis of playlist datasets. On the other
hand, in [23] we made a first attempt of proposing new
measures for evaluating the variations of recommendation
lists in different scenarios.

Both studies have target items related to recommender
systems framework, playlist in [22] and recommendation
list in [23], and through the use of information retrieval,
statistics, and mathematical modelization techniques, we
have evaluated a degree of diversity, statically in the first
case whereas dynamically in the second. In these studies,
we centered our attention on two dimensions often con-
sidered in the MIR literature: popularity, or mainstream-
ness [1, 5], and semantic information [14].

In [22], characterizing and comparing four playlist
datasets created in different historical and technological
contexts, we notice the emergence of diverse patterns in the
users’ grouping choices. Similarly, by means of the com-
parison of analog and streaming radios, in [23] we started
to tackle the limitation of specific metrics for evaluating
music recommendation diversity.

5. CONCLUSIONS AND FUTURE WORK

This paper provides an initial formalization of the research
work plan and first results on the study of the impact of
music recommendation diversity. Until now, few studies
in the MIR literature have focused on comprehending what
have been the consequences of introducing music recom-
mendation technologies in the actual cultural context. Us-
ing the terminology introduced by Selbst et al. in [25], this
might cause a Ripple-Effect Trap, defined as a "Failure to
understand how the insertion of technology into an existing
social system changes the behaviours and embedded val-
ues of the pre-existing system". With our research, we aim
at raising awareness in the MIR field for avoiding to fall
in this abstraction trap while designing and implementing
music recommender systems.

Parallelly, another challenge is to define what diversity
can represent, and how it can be represented in the mu-
sic recommendation field. In 2004, Huron in his article
Issues and Prospects in Studying Cognitive Cultural Di-
versity [9], included a call for action where he states:

We[music researchers] should be concerned
about the loss of cultural diversity for the same
reason that biologists worry about the loss of
biodiversity: we don’t yet know what the loss
will mean, but we do know that the loss will
be irreversible.

Even if the comparison between cultural diversity and
biodiversity might be challenged in some aspects, the iden-
tification as a main problem of the unknown consequences
of the loss of diversity is part of the motivation of this work.
Indeed, we imagine that the lack of representation or the
misrepresentation of diversity potentially could lead to un-
fair treatment in music distribution, which in the worst sce-
nario might lead to cultural discrimination.

Apart from that, our choice to focus on diversity as so-
ciotechnical concept is also driven by recent debates about
the impact of Artificial Intelligence (AI) systems on hu-
man behaviour and the related ethical, social, economic
and legal issues. Imagining recommender systems as part
of a broader field which can be AI, the importance of con-
sidering diversity is proven by its inclusion within the list
of seven key requirements that AI systems should meet in
order to be trustworthy, proposed in the Ethics Guidelines
for Trustworthy Artificial Intelligence, written by the High-
Level Expert Group on Artificial Intelligence 2 .

Finally, our motivations are also partly reflected in the
less recent but fundamental debate about the importance
of the preservation of cultural diversity, which in 2001 has
led to the UNESCO Universal Declaration on Cultural Di-
versity 3 . In this document, it is emphasized how cultural
diversity is a vehicle by which promoting pluralism, hu-
man rights, international solidarity and also, creativity.

2 https://ec.europa.eu/futurium/en/
ai-alliance-consultation/guidelines/1#Diversity

3 http://portal.unesco.org/en/ev.php-URL_ID=
13179&URL_DO=DO_TOPIC&URL_SECTION=201.html
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