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Abstract

Extensive literature spanning psychology, sociology, and mu-
sicology has sought to understand the motivations for why
people listen to music, including both individually and so-
cially motivated reasons. Music’s social functions, while
present throughout the world, may be particularly important
in collectivist societies, but music recommender systems gen-
erally target individualistic functions of music listening. In
this study, we explore how a recommender system focused
on social motivations for music listening might work by ad-
dressing a particular motivation: the desire to listen to music
that is trending in one’s community. We frame a recommen-
dation task suited to this desire and propose a corresponding
evaluation metric to address the timeliness of recommenda-
tions. Using listening data from Spotify, we construct a sim-
ple, heuristic-based approach to introduce and explore this
recommendation task. Analyzing the effectiveness of this ap-
proach, we discuss what we believe is an overlooked trade-off
between the precision and timeliness of recommendations, as
well as considerations for modeling users’ musical commu-
nities. Finally, we highlight key cultural differences in the ef-
fectiveness of this approach, underscoring the importance of
incorporating a diverse cultural perspective in the develop-
ment and evaluation of recommender systems.

Introduction

Music is commonly understood to be a universal human
activity, appearing across all known societies (Mehr et al.
2019). This universality encompasses a wide range of mu-
sical behaviors, servicing a variety of functions. The act of
listening to music itself has been the focus of a vast litera-
ture spanning psychology, neuroscience, philosophy, sociol-
ogy, musicology, anthropology, and even computer science,
all sharing a common emphasis on the reasons why people
listen to music and how they develop the preferences that
they do. While these motivations have been investigated and
modeled in heterogeneous ways, existing research points
to a few common underlying functions for music listening:
self-awareness, arousal and mood regulation, and social re-
latedness (Schifer et al. 2013). This is to say, music’s enjoy-
ment is both a personal and social endeavor.

The social reasons behind music listening have been ex-
tensively studied. Indeed, the field of sociomusicology de-
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votes itself to an understanding of the social dimensions of
human musical behavior (Dowd 2007). Within this broader
category, a multitude of specific social functions of music
can be articulated, such as demonstrating belonging to a so-
cial group, feeling connected to friends, and learning about
one’s social environment (Schifer et al. 2013). These social
functions are often studied in the context of shared musi-
cal experiences, examples of which include attending a con-
cert together or listening to music with family (Boer and
Abubakar 2014). However, studies have also shown that so-
cial benefits can arise from listening to music by oneself,
an idea known as “social surrogacy* (Hargreaves and North
1999; Groarke and Hogan 2016). Schifer and Eerola found
evidence for a number of different mechanisms through
which individual music listening fulfills social needs, in-
cluding providing a feeling of company (i.e., “music makes
me feel less lonely”), reminiscence, and shared experiences
(Schifer and Eerola 2020). It is the latter phenomenon that
we wish to advance in this work: the way individual mu-
sic listening can contribute to shared social experiences and,
correspondingly, an opportunity for recommender systems
to assist individuals in this function.

Despite music’s clear social value, algorithmic systems
have tended to adopt particularly individualistic approaches
to its recommendation. This focus arises at least in part
from algorithmic systems’ role in personalizing end-user
experiences tied to individual accounts, which develop in-
creasingly rich characterizations of that individual’s musical
tastes and serve recommendations based upon them. What’s
more, while the techniques that facilitate algorithmic rec-
ommendations often draw inspiration from social processes,
they seem to ignore important elements that impart social
value. Collaborative filtering, for example, serves to identify
music that a person may enjoy because other persons with
similar musical tastes also seem to enjoy it. However, this
common arrangement makes two perhaps very individualis-
tic assumptions: (1) that the person receiving the recommen-
dation needn’t care who those other people are and (2) that
it needn’t matter when those other people enjoy it, and, in
particular, if they happen to currently be enjoying it.

But existing literature suggests that these factors may be
especially important for recommendations to service mu-
sic’s social functions. Specifically, studies show that social
proof (Cialdini and Goldstein 2004; Amblee and Bui 2011)



can greatly alter individual consumer decisions and, collec-
tively, what becomes popular in cultural markets like mu-
sic (Salganik, Dodds, and Watts 2006). In addition, these
factors may be especially important in collectivist societies
(Boer and Fischer 2012) where cohesion and greater align-
ment with the needs and desires of the collective may en-
courage music listening to be particularly social. This im-
portance may not be unique to collectivist settings, however,
as other studies looking at cross-cultural differences empha-
size that music’s social dimensions seem to be universally
important (Saarikallio et al. 2021), meaning that systems de-
signed to service these needs should have broad impact, if
especially so in collectivist societies.

Drawing upon substantial research evidencing the value
of shared musical preferences for social bonding and friend-
ship formation in offline environments (Knobloch, Vorderer,
and Zillmann 2000; Lonsdale and North 2009; Boer et al.
2011; Soley and Spelke 2016; Selthout et al. 2009), as well
as the aforementioned “social surrogacy* functions of lis-
tening, we propose that, in the context of individual listen-
ing, one expression of the desire for shared experience is the
choice to deliberately listen to music that is popular within
one’s community. This type of listening (as distinct from
individually-motivated listening aimed at regulating mood
or achieving self-awareness) allows individuals to lay the
groundwork for social bonding through shared musical fa-
miliarity. But, crucially, algorithmic recommender systems
have historically overlooked this function. Accordingly, our
work here focuses on this specific musical goal and ex-
plores how a music recommender system might help some-
one achieve it. To do so, we organize our study around the
following research questions:

* RQ1: How might we recommend music that fulfills the
social needs connected with individual music listening?

* RQ2: How might we evaluate the success of such a rec-
ommender?

* RQ3: How does the effectiveness of this approach vary
across cultures?

Our study is arranged as follows: we frame a new recom-
mendation task explicitly designed to fulfill the desire for
shared social listening experiences. We begin with a discus-
sion of related works from relevant literature. We then in-
troduce a data set collected from a large-scale commercial
music streaming service and outline a simple, heuristic ap-
proach to this recommendation task. We discuss important
considerations for this example system’s evaluation and in-
troduce suitable evaluation metrics to emphasize social util-
ity. Finally, we discuss our findings, making cross-cultural
comparisons, and conclude with some reflections and sug-
gestions to invite future research.

Related Work

While many algorithmic recommender systems tend to tar-
get individually-motivated goals, past studies have explored
two broad themes for socially-motivated recommendation:
group recommendations and community-based techniques
for generating recommendations.
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Group recommendation, as described in Masthoff’s 2011
overview (Masthoff 2011), addresses the problem of recom-
mending items to a group of users who will consume the
items together. These approaches are useful in a variety of
social scenarios, such as a fitness center that seeks to play
music that satisfies the taste of all those present. Group rec-
ommendation can also be useful when recommending to an
individual, for example by aggregating the tastes of virtual
group members along with those of the individual, as in the
case of a parent who would like their child to watch TV pro-
grams that include educational content that matches the par-
ent’s preferences. While these individual applications repre-
sent a small niche within group recommendations, they do
resemble the social surrogacy scenario that constitutes the
focus of our work.

Community detection, a well-established research area
within network science (Fortunato and Hric 2016), has been
applied to socially-minded recommender systems in numer-
ous ways (Gasparetti, Sansonetti, and Micarelli 2021). In
one example, certain users are dynamically promoted to “ex-
perts”, and the behavior of these experts is then leveraged to
recommend novel items (Lee and Lee 2014). Another ap-
proach detects user communities based on a graph of co-
interest in movies, then uses this graph as the basis for rec-
ommendations (Fatemi and Tokarchuk 2013). Another study
expounds on the difference between “social recommenda-
tion” and “trust-based recommendation”, both of which re-
quire explicit data on users’ social connections (Ma et al.
2011).

Generalizing beyond these two themes, existing work on
group recommendations and community-based recommen-
dations highlight the variety of ways that social connections
can inform both recommendation problems and solutions.
The idea of aggregating the taste of virtual group members,
as well as the idea that social trust is an important criterion
for recommendation informs this work.

As a limitation to this space, in recent years, researchers
have pointed out assumptions that have tended to focus rec-
ommender systems research to a narrow conception of indi-
vidual user-item relevance. A survey on multi-stakeholder
recommendation points out these assumptions and where
they break down. Within this framework, the authors men-
tion group recommendations and success metrics besides
relevance (Abdollahpouri et al. 2020). Another position pa-
per argues that the convention of treating recommendation
as a relevance-prediction problem has hobbled the field;
the authors argue for alternative approaches to evaluation
of recommender systems, including “beyond-accuracy met-
rics” and user research (Jannach and Bauer 2020). A more
recent survey extends these ideas further, pointing out the
numerous stakeholders, objectives, and time-scales that rec-
ommender systems must serve (Jannach 2022). In this work,
we articulate a specific recommendation objective and eval-
uation metric that challenge the classic framing around user-
item relevance, one that may hold special significance within
cultures that tend to be less well represented in research in
the general sense (Henrich, Heine, and Norenzayan 2010).

Cultures are commonly contrasted according to their de-
gree of individualistic versus collectivistic tendencies. While



the underlying ideas stretch back centuries, the contempo-
rary practice of quantifying this cultural dimension for sys-
tematic analysis often builds upon Geert Hofstede’s 1984
book Culture’s Consequences (Hofstede 1984), which pro-
vided a common (however criticized (Baskerville 2003))
framework to quantify several cultural dimensions, includ-
ing individualism. Harry Triandis’s book Individualism and
Collectivism explored these specific aspects of culture in
greater depth (Triandis 2018), and a more recent review of
the vast literature on these concepts suggests that the core
elements of individualism are independence and unique-
ness, and that those of collectivism are duty to in-group and
maintaining harmony (Oyserman, Coon, and Kemmelmeier
2002). Another review proposes distinguishing between re-
lational collectivism, based on groups of individuals with
personal relationships, and group collectivism, based on
common membership in an abstract group (Brewer and Chen
2007).

The ways people articulate and fulfill their common, ba-
sic needs vary between collectivist and individualist cultures
(Itai et al. 2008). Empirical studies suggest that this variation
extends to the way people express needs related to music lis-
tening. A body of work by Boer found that people in collec-
tivist cultures report using music for social diversion more
frequently than do those in individualist cultures (Boer and
Fischer 2012); that the emphasis placed on the social func-
tions of music differed between cultures (Boer et al. 2012);
and that while shared music rituals contribute to group co-
hesion across cultures, “musical family rituals affect emo-
tional well-being particularly in more traditional/collectivis-
tic contexts” (Boer and Abubakar 2014). More recent work
on motivations, emotions, and mechanisms related to mu-
sic listening found differences in musical emotions between
individualist and collectivist cultures; this study also sug-
gests differences in motivations for music listening may be
country-specific (Juslin et al. 2016).

In addition to differences in the motivations for music lis-
tening, there are cultural differences in the ways people pur-
sue these motivations. Drawing on data from before the era
of streaming music, one study found increased radio own-
ership per capita in more individualist countries, noting that
while “in collectivist cultures one radio per family is enough,
in individualist cultures everyone wants his or her own ra-
dio” (Mooij 2003). Several studies of music streaming data
identify specific manifestations of these cultural differences.
Notably, the listening of people in collectivist cultures co-
alesces around a smaller number of artists, gravitates to-
wards more mainstream music, and exhibits less diversity,
compared to that of people in individualist cultures (Ferw-
erda et al. 2016; Ferwerda and Schedl 2016). This is consis-
tent with the greater emphasis on harmony and reduced em-
phasis on uniqueness that characterize collectivist cultures.
Other studies have found that a country’s individualism is
connected to openness to watching music videos from other
cultures (Park et al. 2017), diversity of musical taste (Park
et al. 2015), and the appeal of K-Pop (Baek 2015).

The studies above articulate a number of cultural differ-
ences in music listening motivations and behaviors. We ar-
gue that these differences imply culturally conditioned ex-
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pectations of music recommender systems, and that for a
music recommender to fully satisfy its users, it should pro-
vide for the functions and listening behaviors that are most
salient in each user’s culture. Yet, as a summary of the state
of the art of music recommender systems points out, “lit-
tle effort has been made to analyze cultural differences and
patterns of music consumption behavior, which is, as we be-
lieve, a crucial step to build culture-aware [music recom-
mender systems].” (Schedl et al. 2018)

A handful of studies have addressed the role of cultural
differences in music recommender systems specifically. A
cross-cultural study of user trust found that the cultural di-
mension of masculinity was strongly correlated with users’
preferences for certain ways of presenting and explaining
movie recommendations (Berkovsky et al. 2018). Other ex-
isting research consists of a study that analyzes how cul-
tural differences affect evaluation of recommendation inter-
faces (Chen and Pu 2014), a study that examines prefer-
ences for items from different cultures by users in a single
country (Tang, Winoto, and Ye 2011), a social-theoretical
discussion of attitudes towards adoption of mobile recom-
mender systems (Choi et al. 2014), and a series of experi-
ments on how values of individualism and collectivism re-
late to users’ preferences for different methods of contex-
tualizing product recommendations (Tian 2020). Bauer and
Schedl offer what we believe to be the only existing study
of considering cultural differences in determining the con-
tent (as opposed to the presentation) of music recommen-
dation, finding that incorporating country-specific “main-
streamness” attributes improves rating prediction accuracy
(Bauer and Schedl 2019).

Broader Impact and Ethical Considerations

This work introduces a recommendation problem motivated
by social functions of music listening and proposes a suit-
able evaluation metric. To illustrate these points, we describe
a method for recommending music that is trending within a
community of users. Here we discuss the potential impact of
this work, were it to be implemented in a real-world context.

The benefits of such a socially-motivated recommenda-
tion system lie primarily in its ability to fulfill a neglected
musical need that is particularly salient in collectivist cul-
tures. As such, this work offers the possibility of counter-
acting a historical bias in the field of recommender systems
towards individualistic behaviors. The risks of this approach
include: accentuating popularity bias, by drawing further at-
tention to music that is already popular; and stereotyping
users, by incorrectly modeling the communities to which
they belong.

We see great potential for this work to motivate further
research into cultural differences around music recommen-
dations. In addition to the specific social function of music
listening treated in this paper, many other musical behav-
iors vary between cultures; future work should investigate
these variations and how they might inform music recom-
mendations. We propose to mitigate the risk of popularity
bias by emphasizing that the approach described here should
function as part of a broader, multi-faceted recommendation
system; it is designed to complement, rather than replace,



more traditional recommendations that optimize for metrics
like relevance, novelty, and serendipity. In order to reduce
the risk of incorrectly assigning users to communities, future
research should focus on developing and regularizing more
personalized approaches to modeling musical community.

Recommendation Task

How might a recommender system help a user accom-
plish the task of finding the music that is currently gain-
ing popularity among their friends, family, or community?
While standard collaborative filtering approaches (see (Ko-
ren, Rendle, and Bell 2021)) certainly offer a solution, their
ability to meet this specific social need depends on the simi-
larity of a user’s musical preferences and those of other com-
munity members. We argue, as above, that the desire to lis-
ten to music that’s popular within one’s community includes
cases when the music does not necessarily align with that
user’s individual tastes and, also, that servicing this desire
introduces a dimension of timeliness to the recommendation
task.

If we assume that people will learn about this music even-
tually through real-life interactions, what role can a recom-
mender system play in meeting this need? We assert that rec-
ommendations should help users discover this music sooner.
Unlike conventional recommender systems, the goal for this
task is not to change what music people listen to; a recom-
mender system designed to meet this social need should help
accelerate when people become aware of music that is trend-
ing within their communities.

We also assume that this social need is particularly rel-
evant when it comes to newly-released music. In the con-
text of online media, “trending” refers to concentrated,
ephemeral interest in a particular topic. When it comes to
music, the most common subjects of these short bursts of
interest are new releases, with occasional exceptions (e.g.,
the 2022 popularity of Kate Bush’s 1985 song “Running Up
That Hill”"). For this reason, in this paper we limit our study
to newly-released music, under the assumption that the so-
cial dynamics of interest will be most salient here.

Data

In order to recommend music that’s trending within a user’s
community, two basic components are necessary: a model of
a user communities, and a method of determining what mu-
sic is trending within those communities. In this section we
describe a data set constructed to study these tasks, consist-
ing of records of the consumption of newly-released music
on Spotify, a large commercial music streaming service.

Users

Our data set comprises the listening records of a sam-
ple of 100,000 users, with 5000 users sampled from each
of 20 countries: Argentina, Austria, Brazil, Chile, Colom-
bia, Egypt, Germany, India, Indonesia, Japan, Mexico, New
Zealand, Portugal, Saudi Arabia, South Africa, Spain, Tai-
wan, Thailand, Turkey, and the USA. We consider only those
countries with a total user population larger than the de-
sired sample size of 5000. This set of countries was se-
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lected to more generally resemble the global distribution of
individualism and collectivism (based on Hofstede’s most
recent data on these countries’ cultural indices (Hofstede,
Hofstede, and Minkov 2010)) than would a uniform random
sample of users on Spotify, a service that has operated the
longest in what are generally considered to be more individ-
ualistic countries. Further, we included only users who had
been using Spotify for at least one year, as new users of the
service experience different recommendations and exhibit
different behaviors from longer-tenured users (Way, Garcia-
Gathright, and Cramer 2020). Finally, only users who had
listened to at least one newly-released song during the sam-
ple period were included; this ruled out 30% of users in the
sample countries.

This sample of users differs from Spotify’s overall user
base in important ways. Notably, our sampled users have all
listened to a newly-released song during a specific period,
which shapes the demographics of the studied population. In
particular, compared to the overall Spotify user population,
users in our sample are slightly younger: our sample has a
mean age of 30.3, while the overall population has a mean
age of 30.9. Our sample users also tend to be more active
Spotify users: the median number of song streams per week
for users in our sample is 114, while for the overall user
population it is 66.

While these differences suggest our sample will not gen-
eralize exactly to the overall population, we assert that this
is desirable. The proposed recommendation task targets peo-
ple who wish to engage with music that is trending within
their communities and do so specifically on Spotify. Further,
a bias towards a younger population aligns well with the
observation that social listening holds special value among
young people (Selthout et al. 2009).

Songs

We consider sample users’ consumption of music over the
months of June and July in 2022, focusing on songs released
during the same period. Users in the sample streamed a total
of 142,241 unique songs that were released during the sam-
ple period. Subsequent analyses in this section draw upon all
these songs, however, 48% of songs were streamed by only
a single user in the sample, and the experiments described in
the following section discard all the latter songs.

As seen in Figure 1, compared to the music streamed by
the entire population of the sampled countries, the songs in
our sample under-index on the genres favored by large coun-
tries (e.g. rock, which is popular in the U.S., and desi pop,
which is popular in India) and over-index on other genres
that tend to be popular in a greater number of countries (e.g.
trap latino, reggaeton).

How does the popularity of a new song spread within a
community in the days after its release? We consider a user’s
listening to a song as an implicit indication of awareness.
While we acknowledge cases where a user may listen to a
song without paying meaningful attention to it (e.g. a playlist
put on in the background), modeling the extent of these cases
is outside the scope of this work. In order to gain intuition
about the dynamics of community popularity of newly re-
leased songs, we examine a single simplified example of a
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Figure 1: Share of listening by genre among (1) all listeners
in the sampled countries, (2) all sampled listeners, and (3)
newly released music streamed by sampled listeners. The
differences in genre shares between these three groups illus-
trate the properties of our sample data.

community: users in our sample who reside in Indonesia. In
Figure 2 we see the percentage of Indonesian users in our
sample who have listened to a song at least once by day =
after its release. The gradual spread of awareness, as well
as the slightly different paths taken by different songs is ap-
parent. The most popular song depicted in this figure, for
example, had been streamed by over half the sample users
in Indonesia by the end of the sample period, while most
other songs had been streamed by less than 20%.

The spread of song awareness varies among countries in
our sample. Analyzing the average, over the top ten songs
in each country in our sample, of the percentage of users
who have listened to a song at least once by day x after its
release, in Figure 3, we can see that in some countries the
values are much higher than in others. This suggests that
users in different countries display different levels of cohe-
sion in terms of musical behavior. Some countries evince
more homogeneous listening, while others seems to spread
their listening out among a broader set of songs. We’ll keep
these differences in mind as we explore different ways of
modeling groups of users.

These analyses help illustrate the opportunity for a
socially-motivated approach to recommendation. Looking at
the spread of awareness of new songs, it is apparent that
some users’ awareness lags weeks or even months behind
the earliest listeners. For example, for the top song in In-
donesia from our sample, one week after its release, only
half the users in this group who would eventually listen to it
had done so. We see an opportunity for a recommendation
system to help the remaining half of these users, users who
eventually show interest in this song, but who take longer to
discover it on their own. How might we approach making
recommendations to help these users?
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Top 5 new releases in Indonesia

100
Artist and track
—— Joji, "Glimpse of Us"
80 1 BTS, "Yet To Come"
—— Charlie Puth, "Left and Right (Feat. Jung Kook of BTS)"
—— Paul Partohap, "P.S. | LOVE YOU"
604 —— NIKI, "Oceans & Engines"

Percent of users streamed

20
Days since release

30 40 50

Figure 2: Spread of new song awareness in Indonesia. Each
line represents one of the five most popular songs released
during the sample period in Indonesia. The y-axis represents
the percent of sample users in Indonesia who had listened
to the song by the day since its release, given by the x-
axis. Some songs gain popularity quickly, while others take
longer but ultimately achieve greater popularity. Many users
do not show awareness of popular songs until over a month
after their release.

Methods

We seek to accelerate people’s awareness of music that is
trending within their communities. There are many ways to
approach this recommendation task. In this paper we don’t
seek to explore all the possibilities or to determine the best.
Further, we acknowledge the possibility that, given time, a
more traditional recommender system based on collabora-
tive filtering could meet this need to some extent (see Dis-
cussion for more details). Such an exhaustive comparison
of approaches is outside the scope of this work. Our goal
is to call attention to a form of recommendation task, to in-
troduce a new evaluation metric suited to this task, and to
inspire additional research in these directions. We present a
simple heuristic approach to making socially-motivated rec-
ommendations, with the aim of illustrating this task and the
associated evaluation metric.

We approach this recommendation task by introducing
the following components. First, we introduce a method for
identifying and recommending newly-released music that’s
trending within a community. Then we introduce a way to
model user communities based on demographic and listen-
ing data. Next, we describe two evaluation metrics that cap-
ture the important elements of our task. Finally, we use these
components to run a series of offline experiments, compar-
ing the effectiveness of this approach under different param-
eter values.

Making Recommendations

Within a community of users, how might we identify trend-
ing, new music for the purpose of recommendation? Follow-
ing the aforementioned idea of the gradual spread of song
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Figure 3: Average new song awareness of top 10 songs by
country. Each line represents a single country from the sam-
ple data. The y-axis represents the percent of users in the
country who have streamed a song by the day since the
song’s release given by the x-axis, averaged across the ten
most popular songs in the country released during the sam-
ple period. The ten countries shown here were chosen at ran-
dom from the twenty in the sample data. The share of users
that listen to the most popular new music is considerably
higher in some countries than in others.

awareness, we focus on the fraction of the group’s users that
has listened to the song as an indicator of the song’s popu-
larity within that community.

We implement a heuristic approach to making recom-
mendations based on this quantity. We choose a number
of days after a song’s release, which we call days_waited,
at which to evaluate a song’s popularity within a com-
munity. We choose a minimum fraction of a commu-
nity’s members that must have listened to a song for it to
be recommendable, which we call frac_users_required.
There is an intuitive relationship between the two recom-
mendation parameters: the higher days_waited, the higher
frac_users_required must be to achieve a comparable
level of sensitivity in identifying trending songs. We there-
fore report frac_users_required as the percentage of users
required per day. Given a group of users and a newly re-
leased song, if the fraction of the group’s users that have lis-
tened to the song by days_waited after the song’s release
exceeds frac_users_required - days_waited, we recom-
mend the song to all users in the group who have not yet
listened to the song.

Modeling Communities

Next, we seek to model user communities that are relevant
to the recommendation task, which is to say those commu-
nities where members care about each others’ musical pref-
erences. Prior research suggests these groups may include
users’ families, friends, or classmates (Soley and Spelke
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2016; Boer et al. 2012; Boer and Abubakar 2014). Such
groups could be modeled either with explicit information on
users’ social ties or with implicit connections derived from
listening behavior and other attributes. For the sake of sim-
plicity and generalization, we focus on the latter.

We consider a variety of user attributes when modeling
communities, which can broadly be categorized as demo-
graphic data and listening data. Demographic data includes
a user’s self-reported age and gender, the country in which
they’ve registered their Spotify account, and the length of
their tenure as Spotify users. We divide numerical attributes,
such as age and Spotify tenure, into discrete buckets. Listen-
ing data includes the language in which the user has listened
to the most music (for vocal music), the platform (e.g. mo-
bile, desktop, TV) on which the user listens most frequently,
as well as two measures of genre preference: affinity, which
represents the number times a user has streamed music in
a genre; and completeness, which captures the fraction of a
genre’s music the user is familiar with. For each measure
of genre preference, we consider a user’s highest-scoring
genre, a categorical attribute. All user attribute data was col-
lected the day before the start of the sample period.

The task of inferring the social communities that are
meaningful to people’s music listening presents an opportu-
nity for research that exceeds the scope of this work. Here,
we use a simple approach to segmenting users into inferred
communities in order to demonstrate the value of this rec-
ommendation task and motivate further research. We seg-
ment users into inferred communities using subsets of the
attributes above. For example, one segmentation yields seg-
ments of users who share the same top listening language
and age bucket; another segmentation yields segments of
users who reside in the same country and use the same type
of device to use Spotify.

Evaluation

We use song plays to evaluate our recommender. A form of
implicit feedback, plays are a less reliable signal of user in-
terest in a song than an explicit interaction such as rating
(Hu, Koren, and Volinsky 2008). Implicit feedback, how-
ever, is far more abundant than explicit feedback, and rep-
resents the most fundamental behavior in the context of a
streaming music platform. This abundance and universality
make song plays an attractive and widely used signal for
evaluation (McFee et al. 2012), particularly when compar-
ing cross-cultural behavior.

When making music recommendations based on social
motivations, two qualities are important: whether the user
would be interested in listening to the song, and whether the
song provides social value. Following a common practice
in recommender systems literature, we measure the former
by computing the precision of our system’s recommenda-
tions compared to a user’s implicit feedback in held-out data.
Concretely, if we recommend a song to a user five days af-
ter its release, we consider the recommendation successful
if the user listened to that song at any point between the day
of the recommendation and the end of the sample period.

The second quality of interest, the social value of a rec-
ommendation, is multifaceted. In this work we focus on the



social value derived from listening to the same music as
one’s community, which implies that the listening must oc-
cur around the same time. We thus use a measure of timeli-
ness to evaluate the social value provided by our recommen-
dations.

To measure how timely our recommendations are, we
consider the difference between when a user found a new
song on their own and when we would have recommended
it. Once again, we consider a user’s organic listening to a
song as an indication that they would engage with the same
song had it been recommended to them earlier. We assume
a user’s first stream of the song during the sample period
represents the moment of organic discovery (e.g., through
word of mouth, hearing it on TV, or even through another
recommendation algorithm).

Counting the number of days between the moment of
organic discovery and the moment of recommendation (as
determined by the parameter days_waited), we obtain the
number of “days saved.” For example, if a user first listened
to a song 7 days after it was released, but our approach would
have recommended it 3 days after its release, we can deter-
mine that the approach “saved” the user 4 days of not know-
ing about the music. On the other hand, if we recommend
a song 7 days after its release to a user who would have al-
ready streamed it on the 2nd day after release, the value of
“days saved” is -5.

As formulated, an average timeliness score that is signifi-
cantly greater than zero suggests an approach that can add
real value to users. Ultimately that value will need to be
weighed in light of the corresponding precision score in a
subjective fashion: can the approach save users enough time
while also being precise enough to avoid surfacing too many
irrelevant recommendations?

Experiments

We conduct a series of offline experiments to evaluate
the effectiveness of the proposed approach to socially-
motivated recommendation and to examine how its perfor-
mance responds to three variables: the attributes we use
to segment users, and the values of days_waited and
frac_users_required. For each experiment, we choose a
subset of the demographic and listening attributes described
above and segment the sample users into groups using these
attributes. For each group, we generate recommendations by
applying the approach described above to each song in our
sample. We experiment with days_waited in [1, 30] and
frac_users_required in [0.5%, 1%, 2%, 3%, 4%] (per
day) and report the aggregate precision and average time-
liness values for each experiment.

To provide context for the precision values achieved in
these experiments, we report the results of a baseline, where
we disregard the temporal aspects of the sample data and
generate recommendations as follows. We segment users
into groups using the approach described above. Within each
segment, we hold out a random 10% of users for evaluation.
For each segment, we rank the songs in our sample data by
the number of users in the remaining 90% who streamed
them. We recommend the top & songs to the 10% of users set
aside for evaluation; we consider the recommendation suc-
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Figure 4: Precision (y-axis) vs timeliness (x-axis). Each
point represents a single experiment, with each line rep-
resenting a particular value of frac_users_required (per
day), and the points along each line representing particular
values of days_waited . Higher values of days_waited and
frac_users_required result in greater precision at the ex-
pense of timeliness.

cessful if the user had listened to the song during the sample
period. We experiment with this baseline for £ in [1, 10].

Results

How effectively does the proposed system make music
recommendations that satisfy users’ interests, as measured
through precision, and provide social value, as measured
through timeliness? In offline experiments, our approach
yielded precision values that ranged from 0.05 to 0.27,
compared to the baseline approach, which yielded a maxi-
mum precision value of 0.04, with £k = 1. In this section,
we examine three aspects of these results. First, we ana-
lyze how the recommendation parameters days_waited and
frac_users_required affect recommendation quality and
interact with each other. Next, we look at the effectiveness
of different attributes for segmenting users to model their so-
cial communities. Finally, we consider how the performance
of our approach varies along cultural dimensions.

Recommendation Parameters

To analyze the dynamics of frac_users_required and
days_waited, we focus on the series of experiments using a
fixed segmentation of users according to the best-performing
set of attributes (reported in the following section): top genre
completeness, country, and age bucket.

In figure 4, we compare the timeliness and precision of
the recommendations produced by different values of these
two recommendation parameters. Each point represents a



| Features | Precision | Timelines
Top genre completeness 0.176 8.7
Top genre completeness +
country 0.186 8.9
Top genre completeness +
country + age bucket 0.198 94

Table 1: Comparison of user groupings based on different
sets of attributes

single experiment, with lines connecting the experiments
that share a value of frac_users_required. There is a clear
trade-off between the two metrics. For each fixed value of
frac_users_required, represented by a single line, higher
days_waited values up to 10 generally yield higher pre-
cision and lower timeliness. Values above 10 yield signifi-
cantly lower precision, and are thus omitted from the plot.
These results correspond to the intuition that waiting longer
to assess a song’s trendiness allows for more accurate as-
sessment, but it reduces the usefulness of the recommen-
dation. The more users have already listened to a recom-
mended song, the less time will be saved as a result of the
recommendation.

Comparing different values of
frac_users_required represented by different lines in fig-
ure 4, we see that higher values yield recommendations that
are more precise and somewhat less timely. This parameter
can be understood as a measure of strictness; higher values
lead to fewer, more effective recommendations.

Identifying User Communities

We use data describing users’ demography, geography, mu-
sical taste, and language preferences to segment users into
groups. We analyze the effectiveness of these attributes
at modeling users’ musical communities by comparing
the precision and timeliness of the recommendations pro-
duced for user segments based on subsets of these at-
tributes. In Table 1 we report the precision and timeli-
ness of the most effective segmentations using one, two,
and three attributes respectively. Results are reported for
frac_users_required =3% and days_waited =4; the rel-
ative precision and timeliness of all segmentations was con-
sistent for values of days_waited between 1 and 7 and for
values of frac_users_required between 1% and 4%.

The most effective single attribute for segmenting users is
top genre completeness. This suggest the rather simple con-
clusion that the groups people want to keep up with musi-
cally are those groups characterized by shared musical taste.
The secondary effectiveness of country suggests the impor-
tance of geography and hints that culture indeed plays a role
in people’s musical communities. Future work should ex-
plore more specific ways of describing users’ geography and
culture, as a single country may be home to a diversity of
cultures.

Third, we see that age is also a useful attribute; this echoes
findings in previous work that suggest people’s relationship
to new music and to keeping up musically changes with age.
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Figure 5: Experiment results aggregated by country for ten
sample countries. Each line represents a single country, with
each point representing a different value of days_waited.
Lines are colored by a country’s level of individualism (Hof-
stede, Hofstede, and Minkov 2010). The countries displayed
here consist of the five countries in the sample with the low-
est levels of individualism and the five countries with the
highest. Countries with low levels of individualism display
higher values of both precision and timeliness.

Finally, the fact that each additional split increased the effec-
tiveness of this approach suggests that getting more specific
helps; maybe this even suggests that as we start to approx-
imate real-world communities, the effectiveness of our ap-
proach improves.

Cultural Differences

While we have thus far reported precision and timeliness
values for each experiment over our entire sample, it is im-
portant to note that precision and timeliness varied consid-
erably between user segments. Some of this variation relates
to the cultural dimension of individualism and collectivism.

In Figure 5, we plot the timeliness and precision values by
country, for values of days_waited in [1,10], using the most
effective attributes found for segmenting users (segmenting
by top genre completeness, country, and age bucket) and
a value of frac_users_required of 1%. Each line repre-
sents the results for a single country, with each point along
the line representing a single experiment with a different
value of days_waited. The lines are colored according to
the country’s level of individualism-collectivism (Hofstede,
Hofstede, and Minkov 2010). Of the twenty countries in our
sample, we plot the five with the highest levels of individu-
alism and the five with the lowest.

This allows us to see that in countries characterized
by lower levels of individualism (Hofstede, Hofstede, and
Minkov 2010), the proposed approach to recommendation
yields higher values of both timeliness and precision, across



all values of days_-waited. While omitted from the plot for
readability, the remaining ten countries in our sample follow
a similar pattern. This result suggests that our approach to
recommendation is more effective in more collectivist cul-
tures, which is consistent with previous research that found
that collectivism manifests in the concentration of music lis-
tening around a smaller number of artists (Ferwerda et al.
2016; Ferwerda and Schedl 2016).

Future work should further explore the types of users for
which this approach to socially-motivated recommendations
is most effective.

Discussion

In this work, we outline a novel recommendation task fo-
cused on socially-motivated music listening. In support of
such recommendations, we propose a “timeliness” metric
to quantify success for this task. To illustrate both the task
and its evaluation, we explore a simple heuristic approach to
making such socially-motivated recommendations, using a
sample of data on consumption of newly released songs on
Spotify. Furthermore, we discuss how the cultural dimen-
sion of individualism-collectivism interacts with the effec-
tiveness and motivation behind this approach to recommen-
dations.

Our work shows that, even with a very simple approach,
recommendations based on community trends are an at-
tractive means for identifying music that people may lis-
ten to eventually but wish to find out about sooner. Further-
more, we have a basic sense of what attributes help define
the groups that are meaningful to people for this purpose;
namely, these are a user’s genre preferences, geography, and
age.

Finally, we find that the effectiveness of our approach
varies between groups. The nature of this variation suggests
that social music recommendations in practice will likely
operate differently in places with different cultural values.
This suggests an immense opportunity for future research
into how cultural differences should inform recommender
systems. In particular, we argue that the greater effectiveness
of socially-motivated music recommendations in collectivist
cultures suggests that the suitability of a particular recom-
mendation task may vary between cultures. This points to
the possibility that the very act of framing a recommenda-
tion task may be culturally conditioned. We hope our work
might inspire future research to engage with these ideas fur-
ther.

Our analysis explores a trade-off between the precision
and timeliness of recommendations. While it is tempting to
use recall to evaluate this task, recall supposes value in sav-
ing users any amount of time in discovering new music. The
socially-motivated nature of this recommendation task calls
for a more nuanced metric that measures how much time we
save users explicitly. Knowing exactly how this time saved
translates into value for music listeners, however, will re-
quire investigation by future studies. Our timeliness metric
supposes that accelerating a listener’s awareness of a song
by two days is better than only one day, but it’s not clear
if this doubling of days saved translates into twice as much
perceived value. Further, we suspect that not all days saved
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are equivalent (e.g., the difference between recommending
at days 3 vs. 4 post-release, compared to 13 vs. 14); that it
may be possible to recommend a trending song foo soon for
users who require more social proof; and that not all individ-
uals will perceive value in the same way, even in the same
cultural context. Understanding these dynamics presents an
intriguing direction for future research to explore, both in
the context of music specifically but also in the context of
virality and social trends more generally.

A key assumption made in our analysis asserts that if a
user listened to a song on one day, they would have accepted
and even preferred its recommendation on an earlier day.
However, as noted in our introduction and again in the previ-
ous paragraph, social proof plays an important role in shap-
ing individual decisions and collective outcomes in cultural
markets. That is to say, the popularity of a song on one day
potentially contributes to whether or not its recommendation
would have been successful on another day. Exactly how
much it contributes and the extent to which this effect can be
modeled presents potentially many studies’ worth of inter-
esting questions. For the study at hand, we resolved that by
making this simplifying assumption (i.e., that recommenda-
tions would have been successful if made at an earlier time),
our estimates of days saved and thus value added represent
upper bounds of what is possible in practice. Further, effects
like recommendations potentially going unnoticed present
similar complications that we believe could limit the effec-
tiveness of implementations in practice. With these consid-
erations in mind, we believe our simplifying assumption is
appropriate for this study, given our intentions of opening
a discussion around this class of recommendation problem.
Accordingly, we welcome future research into the social dy-
namics of music and how they shape its recommendation.

With regards to improving upon the simple approach pre-
sented here, we note a number of opportunities for future
exploration. First, there is significant opportunity in learn-
ing about how best to characterize and identify relevant user
groups for this recommendation task. Certainly more nu-
anced attributes should help, but one might also consider
more sophisticated approaches to actively learn and resolve
uncertainties at the individual-listener level. Intuitively, this
recommendation task must strike a balance between stereo-
typing people by lumping them in with too large a group of
people with whom they don’t have enough in common and,
conversely, losing information on broader cultural trends by
specializing too much. Adopting — and properly regularizing
— an approach at the individual level feels like the logical
next step.

In the introduction, we alluded to a goal and correspond-
ing evaluation procedure that we wish to emphasize for fu-
ture work, particularly for work involving real-world experi-
ments. That goal was to accelerate the process by which peo-
ple discover socially-relevant music without changing the
distribution of what people would have otherwise listened
to. For randomized controlled experiments, this implies a
simple but important check: the fraction, for instance, of
individuals who end up listening to the recommended mu-
sic should not differ significantly for those in the treatment
versus control groups. Ideally, these fractions would be in-



distinguishable but with the treatment group reaching that
fraction sooner. In the simulations presented here, precision
offers some insight into how much opportunity is created for
this sort influence to manifest. Understanding the extent to
which that influence is realized in a real-world test, however,
would inform how well recommender systems can acceler-
ate but not alter music’s discovery in practice.

Previously, we noted that traditional, collaborative-
filtering-inspired approaches should, over time, service
socially-motivated recommendations indirectly by gradually
learning from how to surface music to similar users. Such
systems, in fact, are present in the “natural” backdrop of
music discovery that takes places throughout the months of
our sample. We argue, however, that this passive approach
is insufficient for music platforms that wish to proactively
rather than reactively participate in peoples’ discovery of
new music, a promise that is central to the value proposition
of streaming services (Webster 2021). Our results suggest,
as well, that such approaches are particularly insufficient for
more collectivist-leaning audiences.

A final opportunity for future research draws on our rec-
ommendation algorithm. Here, we’ve treated all users within
a group as equal, while this is certainly not the case. Within
a community there may be trendsetters, or particular users
whose behavior is especially informative about the future
performance of new music. An approach that focuses on in-
dividuals could also consider recommending a new song to
these “trendsetting” users explicitly in order to gain more in-
formation about the predicted trendiness of a song and who
may follow their lead.
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Evaluation.

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes, see Discussion.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? NA

(b) Did you mention the license of the assets? NA

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see 7)? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA



