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ABSTRACT

Viewing biological, social or technological systems as net-
works formed by nodes and connections between them
can help better understand them. We study the topol-
ogy of several music networks, namely citation in allmu-
sic.com and co-occurrence of artists in playlists. The anal-
ysis uncovers the emergence of complex network phe-
nomena in music information networks built considering
artists as nodes and its relations as links. The proper-
ties provide some hints on searchability and possible op-
timizations in the design of music recommendation sys-
tems. It may also provide a deeper understanding on the
similarity measures that can be derived from existing mu-
sic knowledge sources.

1. INTRODUCTION

A network is a collection of items, named vertices or nodes,
with connections between them. The study of the net-
works underlying complex systems is easier than study-
ing the full dynamics of the systems. Yet, this analysis
can provide insights on the design principles, the func-
tions and the evolution of complex systems [9, 5]. Signif-
icant amount of multidisciplinary research on social, bi-
ological, information and technological networks has un-
covered that complex systems of different nature do share
certain topological characteristics. Indeed, the spread of
certain ideas and religions, the success of companies, the
transmission of sexually transmitted diseases such as the
AIDS epidemic or computer viruses can be better under-
stood by studying the topologies of the systems where
they interact [9].

According to [9], research in complex networks aims
at three things:

1. Find statistical properties, such as path length and
degree distribution that characterize the structure and
dynamic behavior of networked systems.
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2. Build models of networks that explain and help un-
derstand how they are created and how they evolve.

3. Predict the behavior of networked systems based on
the measured statistical properties of the structure
and the local properties of given vertices, e.g.: what
will happen to the equilibrium of an ecological net-
work if a certain species disappears.

Complex network analysis is used to describe a wide
variety of systems with interacting parts: networks of col-
laborating movie actors, the WWW, neural networks, meta-
bolic pathways of numerous living organisms, to name a
few. New insights can be unveiled by considering musical
works and musical artists as parts of a huge structure of
interconnecting parts that influence each other.

The objective of this work is to show the emergence
of complex network phenomena in music information net-
works built considering artists as nodes and artist relation-
ships as links between nodes. Complex network analysis
may enhance our comprehension on some relevant musi-
cological and information retrieval issues. For example,
how much of the network structure is due to content sim-
ilarity and how much to the self-organization of the net-
work. This could shed new light on the design and valid-
ity of music similarity evaluation [6, 3]. Secondly, a better
understanding of the topology may hint possible optimiza-
tions on the design of music information systems [7]. Fi-
nally, it may help to understand the dynamics of of certain
aspects of music evolution, e.g: how did an artist get pop-
ular? Besides the preliminary results and the discussion,
one of the goals of this paper is to call the attention to
the MIR community of this body of research which is the
science of complex networks.

2. NETWORK PROPERTIES

Let us introduce some definitions and concepts that will
be used in this work. Anetwork or graph is a set of
vertices connected via edges. Networks connected by di-
rected edges are calleddirected networks, networks con-
nected by undirected edges are calledundirected networks.

Degree: The degreeki or a vertexi is the number of
connections of that vertex and〈k〉 is the average ofki over
all the vertices of the network. In an undirected graph



where each edge contributes to two vertices the average
degree is:

〈k〉 =
2m

n
(1)

wherem is the number of edges andn the number of ver-
tices.

Clustering coefficient: The clustering coefficient esti-
mates the probability that two neighboring vertices of a
given vertex are neighbors themselves. In the networks
that occupy us, it relates to the probability that if artist A
is similar to artist B and artist C, B and C are similar as
well. Following [10] the clustering coefficient of vertexi
is the ratio between the total numberyi of the edges con-
necting its nearest neighbors and the total number of all
possible edges between all these nearest neighbors,

ci =
2yi

〈k〉 (〈k〉 − 1)
(2)

The clustering coefficientc for the whole network is the
average over the number of nodesn

c =
1

n

∑

i

ci (3)

Component: The component to which a vertex belongs
is the set of vertices that can be reached from that vertex.

Average shortest path: Two verticesi and j are con-
nected if one can go fromi to j following the edges in
the graph. The path fromi to j may not be unique. The
minimum path distance orgeodesic pathdij is the shortest
path distance fromi to j. The average shortest path over
every pair of vertices is

〈d〉 =
1

1

2
n(n + 1))

∑

i≥j

dij (4)

wheredij is the geodesic distance from vertexi to vertex
j. The maximum geodesic between any two vertices in
the graph is known asdiameter.

Degree distribution: The degree distributionP (k) is
the proportion of nodes that have a degreek. The shape
of the degree distribution can help identify they type of
network: “scale-free networks” have power-law distribu-
tions and “random networks”—as described by the Erdös-
Rényi model—have a Poisson degree distribution (see be-
low).

2.1. Random networks

The random graph model, introduced by Erdös and Ŕenyi,
connects in one of its variants every pair of vertices with
a probabilityp (see [4] for a review on random graphs).

The degree distribution follows a binomial shape

P (k) = Ck
n−1

pk
(

1 − pk
)

(5)

where Ck
n−1

is the number of ways of connecting a vertex
to k nodes and not ton−k−1 others. For largen À 1 the
distribution is approximated by the Poisson distribution

P (k) ∼ e−〈k〉 〈k〉
k

k!
(6)

Another magnitude that can be computed is the clus-
tering coefficient. Since the probability of link between
two vertices in a random graph is independent of the exis-
tence of other edges and equal top, in average there will
be pk(k − 1)/2 out of the total possible ofk(k − 1)/2
neighbors of a vertex of degreek. Combining equation (1)
and (2), thec of a random graph,cr, is

cr =
〈k〉

n
(7)

An important aspect regarding networks refers to under
which conditions all the vertices are connected in a big
component1 . It can be shown that there exist a thresh-
old pc under which the vertices are disconnected and over
which a giant connected component abruptly emerges. The
transitionpc occurs when〈k〉 = npc = 1.

Random graphs reproduce thesmall-world effect, a very
common phenomenon in real networks, where vertices on
a network seem to be connected by short paths. The mean
number of vertices at a distanced away from a vertex is
〈k〉

d. Consequently the valued needed to reach the whole
network is〈k〉d = n. A typical distancedr on the random
network will be:

dr =
log(n)

log(〈k〉)
(8)

Random models however fail to reproduce certain prop-
erties ubiquitous in real networks such as significantly high
clustering coefficient or heterogeneity on the degree dis-
tribution. Additionally, it has been shown that random net-
works are impossible to navigate using local algorithms [7,
9].

2.2. Small-World Networks

In order to overcome the discrepancy between the small
clustering coefficient of random networks and those ob-
served on real graphs, Watts and Strogatz[10] proposed
the Small-world network (SW networks). SW networks
are made from regular lattices by connecting pairs of ver-
tices connected at random. The small number of random
shortcuts produce the short average paths while maintain-
ing the high clustering of regular lattices. SW networks
present Poisson-like degree distributions [5].

2.3. Scale-free networks

Many complex networks display a high heterogeneity on
the degree distributions. It has been found that many net-
works follow a power-law or Scale-free (SF) distribution

P (k) ∼ k−γ (9)

SW and random models presented so far aim to ex-
plain certain properties observed in real networks. How-
ever they do not attempt to explain the power-law distribu-
tions of large networks such as the WWW or how the net-
works came to be like they are in the first place. Barabási

1 This property is known as percolation.



et al. [1] proposed a model that explain the power-law de-
gree distribution of genetic networks or the WWW using
two mechanisms:

1. Networks expand continuously. Indeed new pages
are added to the WWW or, in our problem, new
artists are added into the systems.

2. New vertices attach preferentially to sites already
well connected. A variation “rich get richer” mech-
anism.

SF networks are robust to random node removal and frag-
ile to targeted attacks, i.e.: removal of hubs. This property,
known asresilienceis of great interest when studying the
robustness of the Internet or electric power networks. In a
music recommendation system, unknown artists links of-
fered to a user can be seen as a node removal since the
user is unlikely to follow that path. If the hubs artists—
the one that keep the network together—are unknown the
recommendation network could be fragmented into small
components.

(a) Erd̈os-Ŕenyi random graph

(b) 400 Artist similarity network according to
AMG

Figure 1. On the top a random graph generated with the
same number of nodes and average degree than the net-
work constructed from the similarity links edited by music
experts of AllMusicGuide.com (see Section 3). The figure
has been generated mapping the network to a 3D using a
spring embedding algorithm available on Pajek [2].

3. MUSIC ARTIST SIMILARITY NETWORKS

We have constructed music artist similarity networks based
on two sources: expert opinions and playlist co-ocurrence.

n 〈k〉 SGC C Cr d dr

AMix 48169 12.5 99.1 0.1 .0026 3.8 4.3
AMG 400 5.4 96.2 0.3 .0135 4.7 3.6

Table 1. Summary of basic network properties for the
Art of the Mix artist network (AMix). n is the number
or artists,〈k〉 is the average degree,SGC is the size of
the giant component as a percentage,C is the clustering
coefficient,Cr is the clustering of a random network,d
is the average shortest path, anddr is the corresponding
shortest path for the random network.

Both sources were gathered and regularized by the authors
of [6] with the goal of finding a ground truth for evaluating
music similarity measures [6, 3].

Expert opinion:The data consists of 400 artists along
with their relations according the professional editors of
“All Music Guide” 2 (AMG). A connection between artist
is made if the “similar artists” link exists. The network,
originally directed, is converted to undirected. See Fig-
ure 1 for a visualization of the AMG network. A random
network constructed with similar characteristics, i.e.: 400
nodes and an average connectivity between nodes,〈k〉 of
5.4. As can be observed in Figure 1, the AMG network is
less homogeneous than the equivalent random graph.

Playlist Co-occurrence:The data consists of human
authored playlists (over 29.000) from “The Art of the Mix”3

(AMix) from early 2003. A connections has been made
between the artists if the co-occur in a playlist. The re-
sulting graph has over 48.000 artists with an average of
〈k〉 = 12.5 links to other artists.

4. EXPERIMENTAL RESULTS

Properties of the organization of the networks are sum-
marized on Table 1. The first thing to note is that both
networks are sparse—on average each artist is connected
to a small percentage of other artists. In the case of AMix,
each artist is connected on average to 12.5 (.026%) of the
48169 possible artists. Despite their sparsity, both net-
works contain a single giant component which connects
99.1% of the artists of AMix and 96.2% on AMG. These
results are in accordance with what has been discussed on
percolation on Subsection 2.1. The rest of graph measure-
ments restrict to the giant component.

Not only is it possible to reach a large percentage of
artists from any artist following the edges, which is of ob-
vious interest in an artist recommendation system, it is
also possible to do it on small number of steps (small-
world effect). The average shortest pathd is 4.7 steps on
the case of AMG (with a maximum of 13) and on the case
of AMix d is 3.8 (with a maximum of 11). The corre-
sponding values for the equivalent random graph are very
similar and are shown on Table 1.

2 http://www.allmusic.com
3 http://www.artofthemix.org



The clustering coefficientc for the AMG is 0.3, mean-
while the overall clustering coefficient for equivalent ran-
dom graphcr is 0.014. For AMixc = 0.1 andcr = .0135.
Both networks have ad close todr and high clustering co-
efficient (c À cr) with respect to the random graph. These
properties are indicator of Small World structure.

As for the statistical distribution of links, in Figure 2
we depict the degree distributionP (k) for the AMix net-
work. The degree distribution of the equivalent poissonian
random graph is shown for comparison. On the bottom
graph of Figure 2, the cumulativePc(k) =

∑

k′>k P (k′)
is displayed. ThePc(k) of power-lawsP (k) ∼ k−γ is
also a power-law withPc ∼ kγ−1 and it used to smooth
the fluctuations on the tails. The distribution could corre-
spond to a truncated power-law or a multifractal distribu-
tion [5]. The existence of a small but significant number
of artists connected to a very large number of artists may
hint some sort of preferential attachment growing model.
TheP (k) of the AMG is not shown because it did not dis-
play particular pattern besides a heavy tail probably due
to its small size.
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Figure 2. Top: Log-log distribution of the empirical de-
gree distributionP (k) for the Art of the Mix artists net-
work. The dashed line shows the degree distribution of
a Poissonian random graph with the same average degree
distribution〈k〉 = 12.5 and it is shown for comparison:
the distribution for the real networks shows a heavier tail.
Bottom: Log-log distribution of the cumulative degree
distribution Pc(k) =

∑

k′>k P (k′) which could corre-
spond to be some sort of truncated power-law or maybe
a multifractal distribution [5]

5. DISCUSSION

We show that music networks share some statistic prop-
erties with other complex networks, namely the Small-
World structure [10].

Small-World networks have implications on the nav-
igability of information systems. MIR systems can be
structurally optimized so as to allow surfing to any part
of a music collection with a small number of mouse clicks
(short average distance) and so that they are easy to nav-
igate using only local information [7, 9]. On the other
hand, a deeper understanding of the underlying forces driv-
ing playlist creation or music expert knowledge networks
can provide new insights on the design of music similar-
ity measures evaluation. Is it possible to quantify how
much of artist similarities are due to “popular get popular”
mechanisms and how much to actual similarity between
artists? [6, 3, 8, 9]
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