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. ) . 2 1 15,300
collection size, but very low passive hours.
Similar to Majority active hours, with mildly
higher passive hours; but much larger 1 4 55,100
collections.
Similar to Majority active hours and
1 7 4,200
collection sizes, but very high passive hours.
These participants have very high active
hours along with relatively high passive
e ynene 3 5 6,200

hours, but similar to Majority collection

sizes.

F23 FVvAL— b kD a—F 53227

Listener group

Casuals

Guided Listeners
Passives

Addicts
Enthusiastics
Active Curators
Actives

Music Epicureans

Wanderers

Music Epicureans

(4] bV —2R)
Properties

Music plays a welcomed role, but other things are far more important
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Most actively engaged with music services
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Tend to listen to music from a wide variety of music genres

Self-directed in listening to music
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