Uncovering collective
listening habits and music
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networks
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What kind of music do
you listen to!




- Short words on complex networks
- Methodology (collaborative web sites)
- Analysis of the bipartite network (listener/music group)
- Correlation matrix and network projection
- Uncovering collective behaviours (listeners
communities/music trends) by:

o Percolation idea-based methods (PIB)

o Random walk exploration of the network

- Reality of usual music subdivisions?

- Personal Identification and Community Imitation (PICI)
model



|) Short words on complex networks

In social science

The use of small (some hundreds nodes)
graphs is common to represent interactions
between people:

- family tree

- network of acquaintances

- network of sexual relations
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In physics
Also a long history of graph representation: Feynman diagrams, Mayer expansion...

Only recently, physicists have focused on random networks, and in their realisation
in complex systems (Erdos-Renyi).

Internet Complex networks

composed by a large number

Transport networks of nodes and links

Power grids
Protein interaction networks
Food webs

Metabolic networks Statistical approach

Social networks

Many studies to understand the structuring of the network, as well
as dynamical processes on the networks



Standard properties

- Degree (number of links/node) distributions:
power-law, exponential, stretched exponential...

- Clustering coefficient: density of triangles in the network
=> measures how the friend of a friend is a friend

- Assortativity: degree correlations between adjacent links
(Are large sites connected with large sites?)

- Attempts to describe long-range interactions/large scale
structures



More and more general

Unipartite network

structures:

Weighted network
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Bipartite network

listened 5 times




2) Methodology (Collaborative filtering)

Recently (| year), new free services on the web:

upload libraries WEB
user | SITE
user statistical
J treatment
\ 4
| predictive
tools

audioscrobbler
musicmobs
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From audioscrobbler (January 2005), a data set with:

- 35916 users
- the music library of each user + the number of

times they listen to each group

Mozart: 1468 users

There is a total of 617900 diﬂ"erent — Wolfgang Amadeus Mozart: 539 users

. . Amadeus Mozart: | 7 users
Music groups. Mozart Wolfgang Amadeus: 7 users
Wolfang Amadeus Mozart: 8 users

Natural bipartite structure
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3) Analysis of the bipartite network

- 35916 listeners

- 617900 music groups

- In the bipartite graph, there are 5028580 links, and the
total number of playcounts is 54386834

- On average, each user owns 140 music groups in his/her
library

- Each group is owned by 8 persons.

- The listener with the most groups possesses 4072 groups
(0.6% of the total music library)

- The group with the largest audience, Radiohead, has 10194
users (28% of the user community).

—p  Asymmetry in the bipartite network
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4) Network projection

. . == Structure of music trends, genres
-
. . == Sociological structure of listeners

Newman, Watts, Strogatz, Physical Review E, 64, 026118 (2001).
©-—@

‘ PROJECTION ‘
But,the unipartite network is almost fully

. . connected, i.e. most of the listeners are linked
\ ,\ in the unipartite representation (mainstream music

groups).

For instance, Radiohead fully connects 28% of the
user community whatever
the rest of their music library contents.

= Oversimplified and useless representation.



Listener network

In the following, we focus on a sample of listeners,

around the average (3806 persons).
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g FOr €ach person, we define a 617900 vector, with |
if he owns group i,and 0 if not. (1,0,0,..,0,1,...,1)

=== |ndividual Music Signature (IMS)




For each pair of group, we calculate the cosine
between their 2 vectors:

Vi.Vj
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e Symmetric measure of correlations, in [0, ]

e Oymmetric 3806X3806 matrix

To reveal structures, we filter the matrix

If Cij > h * link between i and j

Else * no link between i and j




Starting at h=0: fully connexted

- |ncreasing h, emergence of structures: peninsulae

- | he peninsulae may eventually detach from the
main island.

- VVe identify a community
with a disconnected island




Percolation idea based projection (PIB)

High filtering ~—  Small filtering

Several small islands - One large percolated island



Clustering coefficient
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Proportion of nodes in the percolated island

Percolation transition

Compare with the randomised matrix (RM)
Structures broaden and displace the percolation transition
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Effects of correlations and structuring on percolation

Triangular Erdos-Renyi
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Number of links/node
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Tree representation

Start at a low filtering constant value h.
Represent disconnected islands by squares (surface ~ nodes)
Increase h. Draw a link between parent nodes.




Reality of usual music subdivisions?

sis+ PJ Harvey+ Manic Street Preachers+ Hoots Manuva-+
Unkle+ Linkin Park+ Atari Teenage Riot+ Kula Shaker + The
Police+ James lha+ Semisonic+ Weezer+ Anastacia+ Rob
Dougan+ Eels+ Fatboy Slim+ Green Day+ Lostprophets
System of a Down+ UNK.L.E.+ EI-P+ Bee Gees+ Du-
ran Duran+ Therapy? + The Prodigy+ Foo Fighters+ JJT2+
Alkaline Tvrio+ The Beatles+ Incubus+ Prodigy+ Muse
And You Will Know Us By The Trai+ Jimmy Eat World +
Ash+ Rival Schools+ Cher+ At The Drive-In+ Johnny Cash+
Mansun+ Queens of the Stone Age+ Basement Jaxx+ Dave
Matthews Band+ [j Tiesto+ Cast+ The Strokes+ Anthraz
lan Broun+ Saves The Day+ Morrissey+ Police+ Modest
Mouse+ Interpol+ S5t Germain+ The Beach Boys+ Bonnie
Tyler+ Theme+ Fenix®TX <+ Snow Patrol+ The Cooper Tem-
ple Clause+ Buddy Holly+ Nada Surf+ onclinedrawing+ Michael
Kamen+ Hemy Zero+ Ernie Cline+ Quicksand+ Olivia New-
ton John+ Polar+ lkara Colt+ Ketichi Suzuki+ Rivers Cuomo-
Paddy Casey+ Billy Talent + Mireille Mathieu+ Jack Dee+ To-
moyasu Hotei+ Daniel O°Donnell+ Hope Of The States+ Franz
Ferdinand + The Shadows+ THE STILLS+ The RZA+ The
Mamas and the Papas+ Melissa Auf Der Maur+ Barron Knights
The Killers+ R.E.M.+ Jay-Z DJ Danger Mouse+ Fras
Michel Feat ODEB and Maya+ The Monks Of Hoscrea

What kind of music do you listen to?

Mixture of usual music genres:
Rock/Electro/Hip-Hop/Pop...

Inadequacy of such music subdivisions
to characterise individual and
collective listening habits.



Music group network

Alternative way to classify music, different from the
usual genre-fications, based on the correlations
between their audience

For each group, we define a 35916 vector, with | if
the the user i owns it,and O if not.

Signature of the group = his audience

We focus on the top 5000 groups

> (1,0,0,...,0,1,...,1)

Vi.Vj

o —
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* We construct the graph by filtering the matrix.



Percolation Tree representation
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Following one branch

HTulvin singh, The Cinematic Orchestra] £

[Talwin Singh, The Cinematic Orchestra] £

[Flaid, The Cinematic Orchestra, Talwin Singh] 3

[Flaid, The Dining Roomz, Talvin Singh, The Cinematic Orchestra, Nightmores on Wox] B

[Flaid, The Dining Roomz, Talvin Singh, The Cinematic Orchestra, Sovath and Sovalaz, Nightmares on Wax] 6

[Flaid, Mightmares on Wax, Sawath and Savalas, The Dining Roomz, Talwin Singh, The Cinematic Orchesztra, Kid Loco, Chick
Corea, Telefon Tel Awiwv, Herbert, Gimmik] 11

[Flaid, Mightmaores on Wax, Savath ond Sawvalas, The Dining Roomsz, Talwin Singh, The Cinematic Orchestra, Kid Loco, Jago
Jazzist, Chick Corea, Telefon Tel Awiv, Herbert, Gimmik] 12

[Flaid, Mightmaores on Wax, Sovath ond Sowvalas, The Dining Hoomz, Talwin Singh, The Cinematic Orchestra, Kid Loco, Jago
Jozzist, Chick Corea, Telefon Tel Awiv, Herbert, Gimmik] 12

[Flaid, Mightmaores on Wax, Savath ond Savalas, The Dining Foomz, Talwin Singh, The Cinematic Orchestra, Kid Loco, Jago
Jdozzist, Chick Corea, Telefon Tel Awiv, Herbert, Gimmik] 12

[T.&.T.U, Train, t.4.T.u., Avenue (], die trwing, Stephen Lwvhch, Lozt in Translation, Elwis Costello and The Attractio,
Three & Mafia, Razorlight, The Thermals, Fizcherzpooner, Simon and Garfunkel, Beethowven, 3nog, Elefant, The Libertinesz,
stiff Little Fingers, Calla, Jesus and Mary Chain, ALL-Time Quarterback, Scarface, The Coup, Haonzel und Gretwl, Lou
Reed, Inkubus Sukkubus, April March, Paris, goblin, Yelwvet Underground, Canibus, Blackalicious, Luna, Indigo Girls,



Branches correspond
to well-defined genres, but also reveal unexpected groupings

dard, homogenous style groupings. Amongst these ho-
mogeneous cliques, there are [George Strait, Faith Hill, Garth
Brooks, Clint Black, Kenny Chesney, Shania Twain, Alan Jack-
son, Martina McBride, Alabama, Tim McGraw, Heba MecEntire,
Diamond Rio, John Michael Montgomery, SheDaisy, Brooks and
Dunn, Clay Walker, Rascal Flatts, Lonestar, Brad Paisley, Keith
Urban/, [Kylie Minogue, Dannii Minogue, Sophie Ellis Bex-
tor/, [Serge Gainsbourg, Noir Désir], [Billie Holiday, Glenn
Miller, Benny Goodman/, [Morrissey, Faith No More, Ma-
chine Head, The Smiths, Rammstein, Smashing Pumpkins, Slip-
knot, Tomahawk, Mr. Bungle/, that are country, dance pop,
geographically localised i.e. France, swing jazz and rock

groupings respectively.

for example. But other groupings defy monolithic style
categorization, like: [The Jon Spencer Blues Ezplosion, Yello,
Galarie 500, Prince and the Hevolution, Ultra Bra, Uriah Heep,
Laurent Garnier/, [Crosby, Stills, Nash and Young, Orb, Zero
7, Royksopp, Stan Getz/. The latter include unexpected
mixtures of Indie Rock/Funk/Hard Rock/Dance, and
Folk /Electro/Jazz respectively.

[I=zqac Hawes, Bernard Herrmaonn, The RBL4, Al Hirt, Charlie Feathers, zamfir,
Luiz Bacalow, Meu!, Tomovasu Hotel, Santa Esmeralda, Mancy Sinatra, Meiko
kaji, The B.6.7.8's, Ennio Morricone, Shiwvaree, Malcolm Mclaren]

Thanks to G. D’Arcangelo



5) Random walk exploration

PIB: identifying "music genres"/"listener communities” with isolated islands.
It is obviously a drastic simplification that may lead to the neglect of pertinent structures, and therefore
requests a more detailed exploration of the network structure.

- Hijerarchical characterisation, RW

Characterise the network by a Random walk exploration of the percolated island
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6) Personal identification - community imitation (PICI)

- Growing bipartite network (PA for the groups)

== Opinion formation-like model to describe taste
formation

Taste builds through two different processes

' '

Collective effects:
social interactions

' '

Music exchange between
alike individuals

Individual choices

Random choices
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Model consists in 3 processes

(1) A new user may enter the system, with probability
pr. His/her library contains one music group, chosen
randomly in the set of previous groups with preferential
attachment.

(ii) A randomly picked user adds a new music group to
the library, with probability pay. This new group appends
to the collection of available music in the system,.

(iii) Two randomly chosen users exchange their mu-
sic knowledge, with probability pr. The pair is selected

(=t e "'Jn..:'. 1]

with a probability proportional to e , where 6,
15 the angle between the vectors of their music libraries
(Eq.1), defined by their cosine (Eq.2); the temperature
T 15 a parameter that represents the ability of qualita-
tively different communities to mix together. If the pair
15 selected, we compare the two music librares, and give
to each user a fraction of the unknown groups of his /her
partner. Let us stress that this rule ensures preferential
attachment for the music groups.



INUITiper O OcCulricriCes

Results for the asymptotic scaling solution:

- recovers the observed pdf
- recovers the high clustering coefficients

- |owering T, structures disappear
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BUT: Many parameters, non-stationary solutions...



Conclusion

- Statistical methods to reveal community structures/
music genres
- Opinion formation-like model

- Applicability for collaborative websites: online
suggestions
- Musicology/Sociology

- More detailed exploration of the network structure
- Detailed study of the dynamical model
- Stationary version of the model => phase diagram

- Evolving structures, trends, avalanches
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What kind of music do
you listen to!

Which music community
do you belong to!?



