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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



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
....

Chains of Affection: The Structure of Adolescent 
Romantic and Sexual Networks:
Peter S. Bearman, James Moody 
and Katherine Stovel 

1) Short words on complex networks



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

Transport networks

Power grids

Protein interaction networks

Food webs

Metabolic networks

Social networks

Complex networks 
composed by a large number
of nodes and links

Statistical approach

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 
structures:

Unipartite network Weighted network

Coupled networks Bipartite network



Recently (1 year), new free services on the web:

WEB
SITE

user i

user j

upload libraries

statistical
treatment

predictive
tools

audioscrobbler
musicmobs

...

2) Methodology (Collaborative filtering)



Data analysis

#listener
#group

#playcount

#group #data name



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

There is a total of 617900 different
 music groups:

Mozart: 1468 users
Wolfgang Amadeus Mozart: 539 users
Amadeus Mozart: 17 users
Mozart Wolfgang Amadeus: 7 users
Wolfang Amadeus Mozart: 8 users
...

Natural bipartite structure



Top ten groups



- 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). 

Asymmetry in the bipartite network

3) Analysis of the bipartite network
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Distribution of the number of music groups per user, 
exponential tail.
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Newman, Watts, Strogatz,  Physical Review E, 64, 026118 (2001). 

User 1

User 2

User 3

Group1

Group 2

Group 3

User 1

User 2 User 3

Group1

Group 2 Group 3

PROJECTION

Structure of music trends, genres

Sociological structure of listeners

4) Network 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).

For each person, we define a 617900 vector, with 1 
if he owns group i, and 0 if not. (1,0,0,...,0,1,...,1)
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Individual Music Signature (IMS)



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

cij =

vi.vj

|vi||vj |

Symmetric measure of correlations, in [0,1]

Symmetric 3806X3806 matrix  

To reveal structures, we filter the matrix

cij > hIf link between i and j

Else no link between i and j



Starting at h=0: fully connexted

Increasing h, emergence of structures: peninsulae

The peninsulae may eventually detach from the 
main island.

We identify a community
with a disconnected island



Percolation idea based projection (PIB)

Several small islands One large percolated island

High filtering Small filtering
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 social mechanisms

high structuring of the 
network



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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Tree representation

t=0 t=1 t=2

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?

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

For each group, we define a 35916 vector, with 1 if 
the the user i owns it, and 0 if not.
Signature of the group = his audience
We focus on the top 5000 groups

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

cij =

vi.vj

|vi||vj |

We construct the graph by filtering the matrix.

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



Percolation Tree representation



Following one branch



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

Thanks to G. D’Arcangelo



Characterise the network by a Random walk exploration of the percolated island

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. 

Hierarchical characterisation, RW

5) Random walk exploration



Start at the central node (minimises the average distance)
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2 time scales:
- fluctuations in one cluster

- passage from one cluster to the other



Opinion formation-like model to describe taste 
formation

6) Personal identification - community imitation (PICI)

Taste builds through two different processes

Collective effects:
social interactions Individual choices

Music exchange between
alike individuals Random choices

Growing bipartite network (PA for the groups)



Model consists in 3 processes



recovers the observed pdf

Results for the asymptotic scaling solution:

recovers the high clustering coefficients
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Many parameters, non-stationary solutions... BUT:

lowering T, structures disappear



Conclusion

- Detailed study of  the dynamical model

- Evolving structures, trends, avalanches

- More detailed exploration of the network structure

- Stationary version of the model => phase diagram

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

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



What kind of music do 
you listen to?

Which music community 
do you belong to?


