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of all plays on average, which is assuredly expected given the prevalence of organic access modes (figure 1). We however 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
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• organic: U-curve Artist popularity and dispersion : 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.
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Two dimensions of diversity

Artist popularity and access modes of each user ā. Each dot is a user, the solid line represents the best linear fit as a guide to the underlying trend. Right: boxplot of dispersions restricted to content of a certain popularity bin.

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 a 1 to a 4 i.e., for musical content from more to less popular artists).
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Artist popularity and access modes

• algorithmic: towards niche, except for e users

• editorial: monotonous

• organic: it depends of each user ā. Each dot is a user, the solid line represents the best linear fit as a guide to the underlying trend. Right: boxplot of dispersions restricted to content of a certain popularity bin.

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 a 1 to a 4 i.e., for musical content from more to less popular artists).
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content (and vice versa). To put this observation in perspective, we need to rely on an external reference. We contend that radio programs constitute a relevant instance in this regard. Radio-based playlists can be construed as one of the closest offline equivalent of editorial playlists on Deezerand, 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 issue, 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-the left panel, we compute dispersion boxplots b dios and user types. All items, radios or user typ dered from top to bottom by decreasing value of av persion. We further color boxplots according to th nicheness. Table 2 additionally gathers the detai down of plays in each nicheness bin, for all user ty few selected broadcasters.

We observe that most user types exhibit mo sion than most radios, indicating that radio progra more tilted toward the exploitation of a more lim log. More precisely, there appears to be an inflec around "TSF Jazz" and "RFM" which roughly sp of items between a larger half with a significantl persion (below 0.10) and a smaller half with mu dispersions (generally above 0.25). In this picture, exhibit among the highest values. Remarkably, t ive consumption of content from each nicheness bin, average log-ratio with respect to a uniformly random h bin (0 corresponds to no deviation, the x-axis is ordered from ⌫ 1 to ⌫ 4 i.e. from mainstream to niche musical verage over all plays. Bottom: breakdown by access type.
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e versa). To put this observation in perspecrely on an external reference. We contend ams constitute a relevant instance in this reed playlists can be construed as one of the quivalent of editorial playlists on Deezeran computing viewpoint, one of the oldest the left panel, we compute dispersion boxplots both for radios and user types. All items, radios or user types, are ordered from top to bottom by decreasing value of average dispersion. We further color boxplots according to the average nicheness. Table 2 additionally gathers the detailed breakdown of plays in each nicheness bin, for all user types and a
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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 In practice, it would be difficult to acce listening histories for a number of people,