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ing these are so-called “skips”. The dataset ultimately totals
about 51m timestamped streaming events (plays) describing
which user listened to which song by which artist for how
long i.e., 5.9k plays per user on average (or around 16 per
day).

The data also indicates through what product feature did
users access songs. On Deezer, users may directly look for
music titles, albums or artists using a search bar. They can
tag songs, artists and albums as favorites and build their own
playlists. We denote these modes of access as “organic” for
they entirely rely on user choices, whereby users do look
for a specific item. Users can also navigate to a home page
where they find customized recommendations which are ei-
ther assembled and labeled by human editors at Deezer (such
as recommended playlists variously called “10s electronic”,
“Rock & Chill”, etc.) or algorithmically curated (such as the
so-called “flow”, which is a personalized automatic mix).
We denote the former as “editorial”, since the content is
recommended by human editors, and the latter as “algorith-
mic”, for it entirely relies on an interaction between Deezer
algorithms, platform-wide data and users’ listening histo-
ries. In some cases, editorial playlists are algorithmically se-
lected to be presented to users. We classify these as “edito-
rial” since content selection remains primarily the choice of
humans. The platform may be indifferently used from a ded-
icated desktop app, a mobile app, or directly from a browser
— the interface generally provides the same functions irre-
spective of the chosen device.

We also collect comprehensive playlist histories for a se-
lection of 39 mainstream radios in France over the same pe-
riod. This includes the top 15 French national musical sta-
tions in terms of measured audience during 2019, along with
a relatively arbitrary selection of more specialized stations
and webradios. For each radio, broadcast content was con-
tinuously monitored and matched against the Deezer cata-
log.

User practices
Modes of access and user behavior classes
The literature often tends to pay little attention to the pos-
sibility that there may exist several distinct classes of users
when it comes to their behaviors and listening habits on the
platform, classes for which the function and effect of recom-
mendation may differ significantly. Existing studies gener-
ally report aggregate effects averaged over binary categories
of users, for instance depending on a heavy vs. limited use
of recommendation (Nguyen et al. 2014; Datta, Knox, and
Bronnenberg 2018) or categorical variables such as gender
(Shakespeare et al. 2020) or age (Anderson et al. 2020). We
assume (and will confirm) that a pre-classification of users
depending on broad use classes could reveal distinct sensi-
tivities to recommendation. In other words, we contend that
users who, say, rely more on editorialized playlists may re-
spond differently to algorithmic recommendation than users
who are mainly organic.

Let us denote P the number of plays in a user’s listening
history, of which proportions pa, pe and po = 1� (pa + pe)
have respectively been accessed algorithmically, editorially

Figure 1: Use profiles and classes, where each dot on the
ternary plot corresponds to a user of barycentric coordinates
(pa, pe, po), and each color refers to one of the four cate-
gories a (blue), e (red), o (green), o+ (yellow).

and organically. Their access mode profiles may thus be de-
scribed by a triplet (pa, pe, po) defining barycentric coordi-
nates in a ternary space, as shown in figure 1. Even though
a significant portion of users visibly rely to a large extent
on the organic mode, we nonetheless observe a great deal
of heterogeneity which hints at distinct use behaviors. We
further define user classes by performing a simple k-means
clustering on profiles. Choosing k = 4 explains around
80% of the variance with limited improvement for k > 4.
Other clustering methods have been tried but generally yield
a single cluster, most likely because data density increases
roughly monotonously in the direction of the “organic” ver-
tex, thereby preventing the formation of marked boundaries
(as such, we rather deal with bins, areas or classes than with
clusters per se).

In the following we thus consider four user classes that we
denote as “a” (rather “algorithmic”, 989 users), “e” (rather
“editorial”, 655 users), “o” (rather “organic”, 1614 users)
and “o+” (“very organic”, 5381). On the whole, organic
classes (o and o+) comprise 7062 users i.e., roughly 80%
of the dataset, for whom at least half of all plays have been
accessed autonomously by users.The number of plays P is
also a proxy of the user’s activity on the platform. Its distri-
bution spans several orders of magnitude, in a manner simi-
lar for all classes as can be seen in figure 2 — in other words,
there are weakly and strongly active users in all classes. We
note that average activity is nonetheless slightly smaller for
“editorial” users.

Two dimensions of diversity
We rely on these four classes to appraise the role of each
access mode on music consumption, in terms of where each
mode brings users to, and how much. We characterize the
portfolio of songs the users listen to by focusing on two fun-
damental diversity measures:

1. dispersion, denoting the lack of redundancy in the listen-
ing history;

8639 users in total, of which:

• 989 a  
• 655 e

• 1614 o 
• 5381 o+



Two dimensions of diversity
Dispersion, i.e. S/P

• Dispersion generally lower as a 
function of activity


• Dispersion lower for the main 
access mode, especially as 
activity increases


• Generally lower for organic 
access, especially for o+ users


• o users still appear to have 
lower dispersion in the 
algorithmic access mode
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Figure 4: Breakdown of dispersion values for each user class and for each access mode. Histograms are binned by deciles of
increasing S/P values (from 0 to 1 from left to right) and indicate how many users of each class (a, e, o and o+) exhibit which
dispersion value for a certain access mode (algorithmic, editorial or organic). Average activity values for users of each bar are
further indicated by a grayscale, where darkest shades correspond to highest P values.

show interest for more than one genre. Navigation profiles
may thus exhibit several distinct centroids in possibly dis-
tant regions. In turn, this potential ’musical polycentrism’
might blur the meaning of notions solely based on the ge-
ometric extent of listening profiles. By contrast, nicheness
remains a mono-dimensional notion, whose mean and devi-
ation are simple yet likely robust indicators of the position
and span of a user’s musical content consumption. Second,
this will ease the comparison with radio playlists and thus
offline editorial recommendation. The radios of our dataset
indeed address a quite diverse collection of music genres,
some being very generalist (e.g. ’FIP’), some much more
specialized (e.g. ’TSF Jazz’). To discuss specialization and
eclectism across genres and radios, we believe that nich-
eness may act as a better sort of lingua franca than, say, ex-
tents in a cultural space. Third, nicheness directly connects
with an older debate on whether the almost infinite catalogs
of online platforms foster consumption of more mainstream
or more niche content, or both, and by which types of users
(Elberse 2008).

We first define the nicheness of an artist by computing
how many times their songs have been played in the whole
dataset, as a proxy of its popularity on the whole platform.
We then distinguish four bins of popularity such that each
bin gathers a similar numbers of plays i.e., artists which,
taken together, represent the same total amount of plays
( 14

P
users P ). This ensures that a play chosen in a uniformly

random way from the listening history has the same likeli-
hood of belonging to any of the four bins. As a result, the
first bin gathers the top 73 artists, the fourth bin the bottom
166,869 artists.

Table 1 gathers the proportion of access modes for each
nicheness bin. In general, songs are principally listened to
organically, irrespective of their popularity — around 80%

bin # artists access mode
algorithmic editorial organic

⌫1 73 9% 8% 83% 100%
⌫2 319 16% 8% 76% 100%
⌫3 1462 18% 5% 77% 100%
⌫4 166869 15% 5% 80% 100%

all 164955 14% 7% 79% 100%

Table 1: Proportion of access modes for each nicheness bin
(preferred bins for each access mode are marked in bold).

of all plays on average, which is assuredly expected given
the prevalence of organic access modes (figure 1). We how-
ever see that organic access is non-monotonous, in that the
highest values are found in both the most niche and the most
mainstream artist bins (consistent with Goel et al. 2010).
A different picture emerges for guided access modes. The
most mainstream songs are accessed more editorially and
less algorithmically than the least mainstream ones. In other
words, “niche” content seems to be more often proposed
by algorithmic than editorial picks, which rather emphasize
mainstream content in a monotonous manner. To further ex-
hibit this, we compute the average nicheness bin for each
access mode and find 2.68 for algorithmic plays, 2.49 for
organic ones, and 2.23 for editorial ones (the average nich-
eness bin for all plays is 2.50, by construction) which further
confirms the above observation.

Finally, we observe that dispersion and nicheness are as-
sociated. Part of it is likely mechanical: since the most main-
stream bin features much less artists as well as less songs
(18,425 songs for ⌫1 vs. 1,161,257 songs for ⌫4), it also
induces a higher likelihood of redundancy, all other things

• algorithmic: less popular


• editorial: more popular


• organic: U-curve
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Figure 4: Breakdown of dispersion values for each user class and for each access mode. Histograms are binned by deciles of
increasing S/P values (from 0 to 1 from left to right) and indicate how many users of each class (a, e, o and o+) exhibit which
dispersion value for a certain access mode (algorithmic, editorial or organic). Average activity values for users of each bar are
further indicated by a grayscale, where darkest shades correspond to highest P values.

show interest for more than one genre. Navigation profiles
may thus exhibit several distinct centroids in possibly dis-
tant regions. In turn, this potential ’musical polycentrism’
might blur the meaning of notions solely based on the ge-
ometric extent of listening profiles. By contrast, nicheness
remains a mono-dimensional notion, whose mean and devi-
ation are simple yet likely robust indicators of the position
and span of a user’s musical content consumption. Second,
this will ease the comparison with radio playlists and thus
offline editorial recommendation. The radios of our dataset
indeed address a quite diverse collection of music genres,
some being very generalist (e.g. ’FIP’), some much more
specialized (e.g. ’TSF Jazz’). To discuss specialization and
eclectism across genres and radios, we believe that nich-
eness may act as a better sort of lingua franca than, say, ex-
tents in a cultural space. Third, nicheness directly connects
with an older debate on whether the almost infinite catalogs
of online platforms foster consumption of more mainstream
or more niche content, or both, and by which types of users
(Elberse 2008).

We first define the nicheness of an artist by computing
how many times their songs have been played in the whole
dataset, as a proxy of its popularity on the whole platform.
We then distinguish four bins of popularity such that each
bin gathers a similar numbers of plays i.e., artists which,
taken together, represent the same total amount of plays
( 14

P
users P ). This ensures that a play chosen in a uniformly

random way from the listening history has the same likeli-
hood of belonging to any of the four bins. As a result, the
first bin gathers the top 73 artists, the fourth bin the bottom
166,869 artists.

Table 1 gathers the proportion of access modes for each
nicheness bin. In general, songs are principally listened to
organically, irrespective of their popularity — around 80%

bin # artists access mode
algorithmic editorial organic

⌫1 73 9% 8% 83% 100%
⌫2 319 16% 8% 76% 100%
⌫3 1462 18% 5% 77% 100%
⌫4 166869 15% 5% 80% 100%

all 164955 14% 7% 79% 100%

Table 1: Proportion of access modes for each nicheness bin
(preferred bins for each access mode are marked in bold).

of all plays on average, which is assuredly expected given
the prevalence of organic access modes (figure 1). We how-
ever see that organic access is non-monotonous, in that the
highest values are found in both the most niche and the most
mainstream artist bins (consistent with Goel et al. 2010).
A different picture emerges for guided access modes. The
most mainstream songs are accessed more editorially and
less algorithmically than the least mainstream ones. In other
words, “niche” content seems to be more often proposed
by algorithmic than editorial picks, which rather emphasize
mainstream content in a monotonous manner. To further ex-
hibit this, we compute the average nicheness bin for each
access mode and find 2.68 for algorithmic plays, 2.49 for
organic ones, and 2.23 for editorial ones (the average nich-
eness bin for all plays is 2.50, by construction) which further
confirms the above observation.

Finally, we observe that dispersion and nicheness are as-
sociated. Part of it is likely mechanical: since the most main-
stream bin features much less artists as well as less songs
(18,425 songs for ⌫1 vs. 1,161,257 songs for ⌫4), it also
induces a higher likelihood of redundancy, all other things

• algorithmic: less popular


• editorial: more popular


• organic: U-curve

• dispersion increases with less popular 
content on average, for all user types

Artist popularity and dispersion
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Figure 6: Relative consumption of content from each nicheness bin, average log-ratio with respect to a uniformly random
baseline for each bin (0 corresponds to no deviation, the x-axis is ordered from ⌫1 to ⌫4 i.e. from mainstream to niche musical
content). Top: average over all plays. Bottom: breakdown by access type.

content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median

Two dimensions of diversity
Artist popularity and access modes
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Fig. 5. Relative consumption of content from each popularity bin, average log-ratio with respect to a uniformly random baseline for
each bin (0 corresponds to no deviation, the x-axis is ordered from a1 to a4 i.e., for musical content from more to less popular artists).
Top: average over all plays. Bo�om: breakdown by access mode.

quantities is computed using respectively ?0% , ?4% and ?>% instead of % . The results are shown on the lower panel of
�gure 5. For instance, the curve that corresponds to, say, editorial access of o+ users, indicates to what extent their
editorial plays fall into each popularity bins.

We generally con�rm that algorithmic access tends to correspond to content from less popular artists, even for
very organic users (o+) who normally over-consume content from popular artists, and also for editorial users (e) who
normally consume even more content from popular artists, yet to a lesser extent. By contrast, on the whole, and for all
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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Fig. 5. Relative consumption of content from each popularity bin, average log-ratio with respect to a uniformly random baseline for
each bin (0 corresponds to no deviation, the x-axis is ordered from a1 to a4 i.e., for musical content from more to less popular artists).
Top: average over all plays. Bo�om: breakdown by access mode.

quantities is computed using respectively ?0% , ?4% and ?>% instead of % . The results are shown on the lower panel of
�gure 5. For instance, the curve that corresponds to, say, editorial access of o+ users, indicates to what extent their
editorial plays fall into each popularity bins.

We generally con�rm that algorithmic access tends to correspond to content from less popular artists, even for
very organic users (o+) who normally over-consume content from popular artists, and also for editorial users (e) who
normally consume even more content from popular artists, yet to a lesser extent. By contrast, on the whole, and for all
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median

ν1 ν2 ν3 ν4 ν1 ν2 ν3 ν4 ν1 ν2 ν3 ν4 ν1 ν2 ν3 ν4

�0.4

�0.2

0.0

0.2

0.4

algorithmic
editorial
organic

a e o o+

�0.4

�0.2

0.0

0.2

0.4

δ

averaged over modes
per access m

ode

Figure 6: Relative consumption of content from each nicheness bin, average log-ratio with respect to a uniformly random
baseline for each bin (0 corresponds to no deviation, the x-axis is ordered from ⌫1 to ⌫4 i.e. from mainstream to niche musical
content). Top: average over all plays. Bottom: breakdown by access type.

content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median



Filter niches  
rather than bubbles
• Radio playlists generally less dispersed than user 

types (more exploitation), while they are wide 
variations in terms of artist popularity  

• Algorithmic access modes generally avoid popular 
content, but not for editorial users 

• Organic users focus most on less popular content 
— yet, these users precisely exhibit a relatively 
balanced diet of platform affordances, 

• hypothesis: these are the most “expert” users 

who best exploit platform affordances 

• Editorial access, by contrast, even more so for 
editorial users, fulfills a role traditionally ascribed to 
radios in terms of mainstream exploration,  
yet with more exploration / higher dispersion
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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content (and vice versa). To put this observation in perspec-
tive, we need to rely on an external reference. We contend
that radio programs constitute a relevant instance in this re-
gard. Radio-based playlists can be construed as one of the
closest offline equivalent of editorial playlists on Deezer —
and, from a human computing viewpoint, one of the oldest
large-scale music recommendation systems.

In practice, it would be difficult to access detailed radio
listening histories for a number of people, let alone for the
subset of users we considered here. To circumvent this is-
sue, we adjust the way we carry out computations on users
to make both fields as comparable as possible. On the one
hand, we use artist nicheness values from the Deezer data
set. Around 83% of songs played on radios are matched with
the user data set. These songs inherit their respective artists’
nicheness value from the Deezer data, and we ignore un-
matched songs. By construction, this likely induces an un-
derestimation of nicher content, and, in turn, of the nich-
eness for radios that play more niche artists.

On the other hand, we define hourly listening sessions for
both users and radios. More concretely, for each radio and
each user we consider their time-ordered sequence of plays
over the year, and we setup counters to keep track of the
number of plays P (h) that occurred between hour h and
hour h + 1 during the entire period, along with the num-
ber of new songs S(h) that were played during this hour,
that is, songs that had never been played previously by this
radio (resp. by this user). This way for each radio and user
we calculate twenty-four hourly P , S, S/P and ⌫̄ values.
We then averaged these hourly values over users that belong
to the same class, and compare the four user classes previ-
ously identified with radio stations, according to the range of
their hourly dispersion S/P and hourly average mainstream-
ness/nicheness ⌫̄ values.

Results are gathered on figure 7. We select a representa-
tive sample of 15 radios out of 39 for clarity purposes. On

the left panel, we compute dispersion boxplots both for ra-
dios and user types. All items, radios or user types, are or-
dered from top to bottom by decreasing value of average dis-
persion. We further color boxplots according to the average
nicheness. Table 2 additionally gathers the detailed break-
down of plays in each nicheness bin, for all user types and a
few selected broadcasters.

We observe that most user types exhibit more disper-
sion than most radios, indicating that radio programming is
more tilted toward the exploitation of a more limited cata-
log. More precisely, there appears to be an inflection point
around “TSF Jazz” and “RFM” which roughly splits the set
of items between a larger half with a significantly low dis-
persion (below 0.10) and a smaller half with much higher
dispersions (generally above 0.25). In this picture, user types
exhibit among the highest values. Remarkably, two radios
are above all user types — France Musique and FIP, which
are public-funded, predominantly musical and rather eclec-
tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
tions of user types. They are now much closer to the median
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Figure 6: Relative consumption of content from each nicheness bin, average log-ratio with respect to a uniformly random
baseline for each bin (0 corresponds to no deviation, the x-axis is ordered from ⌫1 to ⌫4 i.e. from mainstream to niche musical
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tic broadcasters. Besides, a mild correlation between nich-
eness and dispersion is visible: the diversity of the catalog in
terms of distinct played items is roughly linked to its diver-
sity in terms of nicheness.

A dual computation consists in representing boxplots of
observed nicheness averaged over hours, while coloring
them with the average dispersion — see the right panel of
figure 7. While the correlation between dispersion and nich-
eness is not immediately visible, the Spearman rank correla-
tion between S/P and the proportion of songs in ⌫4 is equal
to 0.827. This high value confirms that nicheness and disper-
sion are indeed ordered similarly. There are notable excep-
tions such as “Radio Meuh”, whose lower bound on nich-
eness is the highest of all radios —and it is indeed consid-
ered informally as a very eclectic broadcaster— while hav-
ing a relatively moderate dispersion (as seen in table 2). The
new interesting take-away of this second plot lies in the posi-
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