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ABSTRACT

Popularity bias is the idea that a music recommender sys-
tem will unduly favor popular artists when recommending
artists to users. In this paper, we attempt to measure pop-
ularity bias on three commercial music streaming services
(Spotify, Amazon Music, YouTube). We find no significant
evidence of popularity bias in the commercial recommen-
dations based on a simulated user experiment.

1. INTRODUCTION

In a recent Rolling Stone article by Emily Blake [1], she
found that streaming music services have created steeper
long-tail distribution in which a small number of super-
star artists receive more attention from listeners when com-
pared to physical album sales.

There could be many reasons this growing inequity is
found on music streaming services. First, commercial
services employ music recommendation systems to cre-
ate personalized playlists and radio streams for their lis-
teners. Recent research on fairness in recommender sys-
tems has revealed that many recommender system algo-
rithms are subject to popularity bias [2, 3]. That is, rec-
ommender systems re-enforce a feedback cycle in which
popular items get recommended disproportionately more
often and thus become even more popular. Another poten-
tial cause of popularity bias may be related to the streaming
service business practices. For example, record labels can
pay streaming services to feature their songs on popular
human-curated playlists (e.g., New Music Friday lists on
Spotify) [4].

Regardless of the cause, popularity bias, when com-
bined with the concept of the mere exposure effect in which
listeners prefer familiar songs [5, 6], leads to a rich-get-
richer marketplace for music consumption. Songs with un-
fair initial exposure get picked up by listeners and crowd
out other songs which may have been preferred by the lis-
tener in a counterfactual setting [7]. This limits consumer
awareness and prevents a larger group of artists from being
discovered and supported.
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2. RELATED WORK

Traditionally, recommender systems are designed to pro-
vide the most relevant items to each individual user. How-
ever, in recent years, researchers have started to view rec-
ommendation as a mutli-stakeholder problem in which we
consider the needs of two or more groups of individu-
als [8]. In the context of music recommendation [9], we
can think of both listeners, artists, and streaming services
as being stakeholders in a multi-sided marketplace. While
there are many potential forms of unfair bias, such as gen-
der bias [10,11], our work specifically focuses on popular-
ity bias in commercial music streaming sites.

We have long known that music consumption follows a
long-tail distribution [12] in which a small group of artists
receive the vast majority of the attention from listeners.
Research by Celma and Cano [13], Kowald et al. [14], and
our own work [15], suggests that there is algorithmic pop-
ularity bias for many state-of-the-art recommender system
algorithms. However, Levy and Bosteels [16] conducted
an analysis of the effect of music recommendations from
Last.fm on user listening habits and found little evidence of
commercial popularity bias. Building on this initial work,
we update and expand the research on popularity bias in
commercial streaming services by directly comparing mul-
tiple modern services (Spotify, YouTube, Amazon Music)
using a simulator user experimental design [10].

3. SIMULATED USER EXPERIMENT

We consider some of the most popular streaming ser-
vices in the United States based on data we gathered from
Statista 1 . These services are Spotify, Amazon Music, and
YouTube Music.

We created a set U of twelve simulated users u ∈ U
based on real user data from the LFM-1B-Subset [14]. We
randomly-selected four users within each of the three sub-
groups: low mainstream, medium mainstream, and high
mainstream users. For each user, we consider the user’s
profile Pu as the top 10 most-listened to artists a ∈ Pu

according to the LFM-1B-Subset. For each of artist, we
consider two different popularity measures: a proprietary
Spotify popularity score 2 φs(a) which ranges from 0 to
100 and a LFM-1B-Subset score φlfm(a) which represents
the proportion of users who had listened to artist a out of
the 3000 users in the data set.

1 https://www.statista.com/statistics/758875/consumers-use-music-
streaming-download-services/ on May 15, 2021

2 See the ArtistObject at https://developer.spotify.com/
documentation/web-api/reference/#objects-index

https://developer.spotify.com/documentation/web-api/reference/#objects-index
https://developer.spotify.com/documentation/web-api/reference/#objects-index


For each of our three streaming music services, we cre-
ate a new simulated user account using the service’s web
or mobile app. From each of these accounts, we “follow”
or “like” (depending on the service) the top-ten artists Pu

for the user u. We then play each of the artists’ top song
once all the way through. After “listening” to these ten
songs once, the account was logged out of and returned to
the next day to analyze the given recommendations.

In a round robin style, we record a set of 10 top rec-
ommended artists Ru for each of the generated mixes
(e.g., Daily Mixes on Spotify) for each account. We start
with the first personalized playlist (e.g., Daily Mix 1) and
record the first recommended artist. We then go to the next
playlist (e.g., Daily Mix 2) and note the first recommended
artist from that playlist. This is repeated for all of the per-
sonalized playlists. After one pass through, we return to
the first playlist and take note of the second recommended
artist not already in Ru. This process was repeated until
there were a total of ten recommended artists (|Ru| = 10)
for each simulated user account.

We calculate two Group Average Popularity (GAP)
statistics, one for artists in the user profile GAPP and one
for the recommend artists GAPR for an entire set of 12
users:

GAPP (U) =
∑
u∈U

∑
a∈Pu φ(a)

|Pu|
|U |

GAPR(U) =
∑
u∈U

∑
a∈Ru φ(a)

|Ru|
|U |

where u is a user, U is our set of 12 users (i.e., |G| = 12),
Pu is the users top-ten most played artists (i.e., |Pu| = 10),
and φ(a) is one of our two measure of artist popularity (φS
for Spotify or φLFM for LFM-1B-Subset). These GAP
statistics effectively measure the average artist popularity
for a set of user profiles (i.e., inputs) and a set of recom-
mended artists (i.e., outputs) for a music recommendation
system.

To measure the change of the average popularity be-
tween the user profile inputs and the recommendation out-
puts, we compute ∆GAP , which is defined as the pop-
ularity lift in artists recommended over artists in the user
profiles. ∆GAP is calculated as [3]:

∆GAP (U) =
GAP (U)R −GAP (U)P

GAP (U)P
. (1)

We would expect ∆GAP to be 0 when the average pop-
ularity of the artists recommended by the music service is
equal to the average popularity of artists the users listen to
on that service. ∆GAP will be greater than 0 when there
is popularity bias in the model since the model is recom-
mending more popular artists than the users listen to.

3.1 Discussion of Results

As shown in table 1, our simulated user experiment reveals
that there is a slight negative popularity bias according the
LFM-1B-Subset based ∆GAP metric for each of the three
music streaming services. Furthermore, when using the
Spotify-based popularity, there is no observed popularity

φS- Spotify Popularity
Spotify Amazon YouTube

Overall ∆GAP 0.00 -0.13 0.06
Low MS ∆GAP 0.00 -0.29 0.10
Medium MS ∆GAP 0.02 -0.07 0.11
High MS ∆GAP -0.01 -0.05 -0.01

φLFM - LFM-1B-Subset Popularity
Spotify Amazon YouTube

Overall ∆GAP -0.22 -0.32 -0.12
Low MS ∆GAP -0.37 -0.74 0.10
Medium MS ∆GAP -0.33 -0.21 -0.14
High MS ∆GAP -0.10 -0.26 -0.19

Table 1. Popularity Bias in three Commercial Streaming
Services (Spotify, Amazon Music, YouTube Music). The
Overall ∆GAP scores are calculated from 12 simulated
users. Simulated users are created from randomly selected
real users in the LFM-1B-Subset.

bias for Spotify or Amazon Music and only a slight popu-
larity bias for YouTube Music.

This pattern was also consistent across the three types of
low, medium, and high mainstream users, the only excep-
tion to this being slight popularity bias on YouTube Mu-
sic. However, the magnitude of this bias is not statistically
significant (p=0.09, 1-tailed t-test) suggesting that this dif-
ference may be due to random variation. To summarize,
we do not find any evidence to support the hypothesis that
a subgroup of users is likely to experience popularity bias
(i.e., positive ∆GAP ) due to personalized recommenda-
tion on any of the three steaming services in our study.

4. DISCUSSION
We had expected to find evidence to support the hypoth-
esis that personalized music recommendation plays a role
in the accelerating rich-get-richer phenomenon for music
consumption as described by Blake’s Rolling Stone arti-
cle [1]. However, our results did not find a evidence of pop-
ularity bias in music recommendations from three popular
commercial streaming services (Section 3.1.) This result
is consistent with the finding from Levy and Bosteels [16]
who similarly found little evidence of popularity bias in
music recommendations from Last.fm radio listeners.

This unexpected conclusion may be due to various lim-
itations in our experimental design. First, we have a rela-
tively small data set in terms of both simulated users and
artists when compared to the amount of user data col-
lected by Spotify, Amazon Music, and YouTube Music.
Similarly, our simulated user experiment involved creating
simplistic user profiles with a small amount of short-term
artist preference information. While we do not have a de-
tailed understanding of the proprietary process for generat-
ing recommendations on each commercial music service,
we suspect that there are many more inputs beyond artist
listening histories (e.g., s contextual information [17]). Fi-
nally, we note that while we found no evidence of popular-
ity bias in personalized recommendation, popularity bias
on commercial streaming services may result from the in-
clusion (or exclusion) of songs on popular human curiated
playlists [4].
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