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ABSTRACT

This paper presents some experiments to analyse the pop-
ularity effect in music recommendation. Popularity is mea-
sured in terms of total playcounts, and the Long Tail model
is used in order to rank music artists. Furthermore, metrics
derived from complex network analysis are used to detect
the influence of the most popular artists in the network of
similar artists.

The results from the experiments reveal that—as expected
by its inherent social component—the collaborative filtering
approach is prone to popularity bias. This has some conse-
quences on the discovery ratio as well as in the navigation
through the Long Tail. On the other hand, in both audio
content–based and human expert–based approaches artists
are linked independently of their popularity. This allows one
to navigate from a mainstream artist to a Long Tail artist
in just two or three clicks.

Categories and Subject Descriptors

H3.3 [Information Search and Retrieval]: Information
filtering, Selection process; G.2.2 [Graph Theory]: Graph
algorithms

General Terms

Algorithms, Measurement, Human Factors

Keywords

recommender systems, popularity, long tail, evaluation, com-
plex network analysis

1. INTRODUCTION
The Long Tail is composed by a very few popular items,

the well–known hits, and the rest, located in the heavy tail,
that does not sell that well [1]. The Long Tail offers the pos-
sibility to explore and discover—using automatic tools; such
as recommenders—from vast amounts of data. Until now,
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the world was ruled by the Hit or Miss classification, due in
part to the shelf space limitation of the brick–and–mortar
stores. A world where a music band could only succeed sell-
ing millions of albums, and touring worldwide. Nowadays,
we are moving towards the Hit vs. Niche idea, where there
is a large enough availability of choice to satisfy even the
most ‘Progressive–obscure–Swedish–metal” fan. The prob-
lem, though, is to filter and present the right artists to the
user, according to her musical taste.

Indeed, in his book [1], Chris Anderson introduces a cou-
ple of (among others) very important conditions to exploit
the niche markets. These are: (i) make everything avail-
able, and (ii) help me find it. It seems that the former
condition is already fulfilled; the distribution and inventory
costs are nearly negligible. Yet, to satisfy the latter we need
recommender systems that exploit the “from hits to niches”
paradigm. The main question, though, is whether current
recommendation techniques are ready to assist us in this dis-
covery task, providing recommendations of the hidden jewels
in the Long Tail. In fact, recommenders that appropriately
discount popularity may increase total sales [9], as well as
potentially increase the margins by suggesting more novel
or less known tunes.

Some answers are provided in this paper, in the context of
the music domain. The analysis is not performed in terms
of classic precision and accuracy of the recommendations,
but focusing on how the algorithms behave regarding item
popularity. Actually, popularity is the element that defines
the characteristic shape of the Long Tail.

This paper is structured as follows: section 2 introduces
the Long Tail model. This is the first step needed in or-
der to use artist popularity information. Section 3 focuses
on analysing the artists’ similarity graph, created using any
item–based recommendation algorithm. The metrics allows
us to characterise the intrinsic topology of the artist network
(e.g. are the hubs in the recommendation network the most
popular artists?). Then, section 4 presents the experiments
performed in the context of the music domain, comparing
three algorithms (collaborative filtering, content–based, and
human experts). Finally, in section 5 we discuss the main
findings, and conclude with future work in section 6.

2. THE LONG TAIL MODEL
The Long Tail of a catalog is measured in terms of fre-

quency distribution (e.g. purchases, downloads, etc.), ranked
by item popularity. It has been largely acknowledged that
item popularity can decrease user satisfaction and novelty
detection in the recommendation workflow, by providing ob-



Figure 1: (left) The Long Tail of 260,525 music artists. A log–linear plot depicting artist rank in terms
of total playcounts (e.g. at top–1 there is The Beatles with more than 50 million total playcounts). Data
gathered from last.fm, during July 2007. (right) Cumulative percentage of playcounts from the left figure.
Top–737 artists accumulates the 50% of total playcounts (N50). The curve is divided in three parts: head,
mid and tail (Xhead→mid = 82, and Xmid→tail = 6, 655). The fitted model, F (x), has α = 0.73 and β = 1.02.

vious recommendations [10, 15].
As an example, Figure 1 (left) depicts the Long Tail for

260,525 music artists1. The horizontal axis contains the list
of artists ranked by total playcounts. E.g. The Beatles, at
position 1, has more than 50 million playcounts.

The Long Tail model, F (x), simulates any Long Tail curve
[12]. It models the cumulative distribution of the Long Tail
data. F (x) equals to the share of total volume covered by
objects up to rank x:

F (x) =
β

(N50

x
)α + 1

(1)

where α is the factor that defines the S–shape of the func-
tion, β is the total volume share (and also describes the
amount of latent demand), and N50 is the number of objects
that cover half of the total volume, that is F (N50) = 50.

Once the Long Tail is modelled using F (x), we can di-
vide the curve in three parts: head, mid, and the tail. The
boundary between the head and the mid part of the curve
is defined by:

Xhead→mid = N
2/3
50 (2)

Likewise, the boundary between the mid part and the end
of the tail is:

Xmid→tail = N
4/3
50 ≃ X2

head→mid (3)

Figure 1 (right) depicts the cumulative distribution of the
Long Tail of 260,525 music artists. Interestingly enough,
the top–737 artists account for 50% of the total playcounts,
F (737) = 50, and only the top–30 artists hold around 10% of
the plays. In this sense, the Gini coefficient measures the in-
equality of a given distribution, and it determines the degree

1The data was gathered from last.fm website during July,
2007. Last.fm provides plugins for virtually any desktop
music player to track users’ listening behaviour.

of imbalance. In our Long Tail example, 14% of the artists
hold 86% of total playcounts, yielding a Gini coefficient of
0.72. This value denotes an imbalanced distribution, higher
than the 80/20 Pareto rule (0.6). Figure 1 (right) shows
the head of the curve, Xhead→mid which consists of only 82
artists, whereas the mid part has 6,573 (Xmid→tail = 6, 655).
The rest of the artists are located in the tail part.

An interesting work is to analyse artist similarity accord-
ing to the popularity. In our case, this is performed in the
context of a network that links the artists (nodes) according
to their resemblance. The following section is devoted to
explain the metrics that we use.

3. COMPLEX NETWORK ANALYSIS
We propose several metrics to analyse an item–based rec-

ommendation graph; G := (V, E), being V a set of nodes,
and E a set of unordered pairs of nodes, named edges. In
our case, the items (i.e. music artists) are nodes, and the
edges denote the (weighted) similarity among the items, us-
ing any item–based recommendation algorithm. The metrics
used are derived from Complex Network and Social Network
analysis.

3.1 Metrics

3.1.1 Navigation

The average shortest path (or mean geodesic length)
measures the distance between two vertices i and j. They
are connected if one can go from i to j following the edges
in the graph. The path from i to j may not be unique. The
minimum path distance (or geodesic path) is the shortest
path distance from i to j, dij . The average shortest path in
the network is:

〈d〉 =
1

1
2
n(n + 1)

X

i,j∈V,i6=j

dij (4)

In a random graph, the average path approximates to:



〈dr〉 ∼
logN

log 〈k〉
, (5)

where N = |V |, and 〈k〉 denotes the mean degree of all
the nodes.

The longest path in the network is called its diameter
(D). In a recommender system, average shortest path and
diameter inform us about the global navigation through the
network of items.

The strong giant component, SGC, of a network is the
set of vertices that are connected via one or more geodesics,
and are disconnected from all other vertices. Typically, net-
works possess one large component that contains a majority
of the vertices. It is measured as the % of nodes that includes
the giant component. In a recommender system, SGC in-
forms us about the catalog coverage, that is the total per-
centage of available items the recommender recommends to
users [10].

3.1.2 Connectivity

The degree distribution, pk, is the number of vertices
with degree k:

pk =
X

v∈V | deg(v)=k

1, (6)

where v is a vertex, and deg(v) its degree. More fre-
quently, the cumulative degree distribution (the fraction of
vertices having degree k or larger), is plotted:

P (k) =

∞
X

k′=k

pk′ (7)

A cumulative plot avoids fluctuations at the tail of the
distribution and facilitates the evaluation of the power co-
efficient γ, in case the network follows a power law. In a
directed graph, that is when a recommender algorithm only
computes the top–n most similar items, P (kin) and P (kout),
the cumulative incoming (outcoming) degree distribution,
are more informative. Cumulative degree distribution de-
tects whether a recommendation network has some nodes
that act as hubs. That is, that they have a large amount
of attached links. This clearly affects the recommendations
and navigability of the network.

Another metric used is the degree correlation. It is
equal to the average nearest–neighbour degree, knn, as a
function of k:

knn(k) =
∞

X

k′=0

k′p(k′|k), (8)

where p(k′|k) is the fraction of edges that are attached
to a vertex of degree k whose other ends are attached to
vertex of degree k′. Thus, knn(k) is the mean degree of the
vertices we find by following a link emanating from a vertex
of degree k.

A closely related concept is the degree–degree corre-
lation coefficient, also named assortative mixing, which is
the Pearson r correlation coefficient for degrees of vertices
at either end of a link. A monotonically increasing (decreas-
ing) knn means that high–degree vertices are connected to
other high–degree (low–degree) vertices, resulting in a pos-
itive (negative) value of r [17]. In recommender systems, it

measures to which extent nodes are connected preferentially
to other nodes with similar characteristics.

3.1.3 Clustering

The clustering coefficient, C, estimates the probability
that two neighbouring vertices of a given vertex are neigh-
bours themselves. C is defined as the average over the local
measure, Ci [21]:

Ci =
2|Ei|

ki(ki − 1)
, (9)

where Ei is the set of existing edges that are direct neigh-
bours of i, and ki the degree of i. Ci denotes, then, the
portion of actual edges of i from the potential number of
total edges.

For random graphs, the clustering coefficient is defined
as Cr ∼ 〈k〉 /N . Typically, real networks have a higher
clustering coefficient than Cr.

3.2 Related work in music recommendation
During the last few years, complex network analysis has

been applied to music information retrieval in general, and
music recommendation in particular. In [6], we compared
different music recommendation algorithms based on the
network topology. The results are aligned with our main
findings: social based recommenders present a scale–free
network topology, whereas human expert–based controlled
networks does not.

An empirical study of the evolution of a social network
constructed under the influence of musical tastes, based on
playlist co-occurrence, is presented in [14]. The analysis
of collaboration among contemporary musicians, in which
two musicians are connected if they have performed in or
produced an album together, is presented in [18]. In [2], the
authors present a user clustering algorithm that exploits the
topology of a user–based similarity network.

A network of similar songs based on timbre similarity is
presented in [3]. Interestingly enough, the network is scale–
free, thus a few songs appear in virtually any list of similar
tracks. This has some problems when generating automatic
playlists. [11] presents an analysis of the Myspace social net-
work, and conclude that artists tend to form on-line com-
munities with artists of the same musical genre.

3.3 Network analysis and the Long Tail model
Once each item in the recommendation network is located

in the head, mid, or tail part (see section 2), the next step
is to combine the similarity network with the Long Tail
information. Two main analysis are performed: first, we
measure the similarity among the items in each part of the
curve. That is, for each item that belongs to the head part,
compute the percentage of similar items that are located
in the head, mid and tail part (similarly, for the items in
the mid and tail part). This measures whether the most
popular items are connected with other popular items, and
vice versa. Second, we measure the correlation between an
item’s rank in the Long Tail and its indegree. This allows
us to detect whether the hubs in the network are also the
most popular items. Section 4 presents the experiments re-
garding popularity analysis, comparing three different music
artists recommendation algorithms: collaborative filtering
(CF) from last.fm, content–based audio filtering (CB), and



Property CF (Last.fm) CB Expert–based (AMG)

N 122,801 59,583 74,494
〈k〉 14.13 19.80 5.47

〈dd〉 (〈dr〉) 5.64 (4.42) 4.48 (4.30) 5.92 (6.60)
D 10 7 9

SGC 99.53% 99.97% 95.80%
γin 2.31(±0.22) 1.61(±0.07) NA (exp. decay)

r 0.92 0.14 0.17
C (Cr) 0.230 (0.0001) 0.025 (0.0002) 0.027 (0.00007)

Table 1: Artist recommendation network properties for last.fm collaborative filtering (CF), content–based
audio filtering (CB), and Allmusic.com (AMG) expert–based. N is the number of nodes, and 〈k〉 the mean
degree, 〈dd〉 is the avg. shortest directed path, and 〈dr〉 the equivalent for a random network of size N , and D
is the diameter of the network. SGC is the size of the strong giant component, γin is the power–law exponent
of the cumulative indegree distribution, r is the indegree–indegree Pearson correlation coefficient (assortative
mixing). C is the clustering coefficient, and Cr for the equivalent random network.

expert–based recommendations from Allmusic.com (AMG)
musicologists.

4. EXPERIMENTS
In order to put into practice the Long Tail model, and

the properties of item–based recommendation networks, we
performed several experiments in the music recommendation
field. It is worth noting that music is somewhat different
from other entertainment domains, such as movies, or books.
Tracking users’ preferences are mostly done implicitly, via
their listening habits. Moreover, a user can consume an item
(i.e. a track, or a playlist) several times, even repeatedly
and continuously. Regarding the evaluation process, music
recommendation allows us instant feedback with a, say, 30
seconds excerpt.

The experiments aim at evaluating the popularity effect
using three (music artists) recommendation approaches: col-
laborative filtering (CF), content–based audio similarity (CB),
and human expert–based resemblance. We measure the pop-
ularity effect by contrasting the properties from the net-
work with the Long Tail information of the catalog (e.g. are
the hubs in the recommendation network the most popular
items? Are the most popular items connected with other
popular items, and vice versa?).

4.1 Datasets
CF artist similarity was gathered from last.fm, using Au-

dioscrobbler web services2, and selecting the top–20 similar
artists. Last.fm has a strong social component, and their
recommendations are based on the classic item–based algo-
rithm3 [20].

To compute artist similarity in the CB network, we ap-
ply content–based audio analysis in a music collection (T )
of 1.3 Million tracks of 30 seconds samples. Our audio anal-
ysis considers not only timbral features (e.g. Mel frequency
cepstral coefficients), but some musical descriptors related
to rhythm and tonality, among others [7]. Then, to compute
artist similarity we used the most representative tracks, Ta,
of an artist a, with a maximum of 100 tracks per artist.
For each track, ti ∈ Ta, we obtain the most similar tracks

2http://www.audioscrobbler.net/data/webservices/
3Although, is quite possible that they are using, as well,
some information gathered from social tagging.

(excluding those from artist a):

sim(ti) = argmin
∀t∈T

(distance(ti, t)), (10)

and get the artists’ names, Asim(ti), of the similar tracks.
The list of (top–20) similar artists of a is composed by all
Asim(ti), ranked by frequency and weighted by the audio
similarity distance:

similar artists(a) =
[

Asim(ti), ∀ti ∈ Ta (11)

Finally, we gather expert recommendations from All Mu-
sic Guide (AMG)4. AMG makes use of professional editors
to interconnect artists, according to several aspects, such as:
influenced by, followers of, similar artists, performed songs
by, etc. In order to create an homogeneous network, we only
make use of the similar artists links. Artists from both CB
and expert–based networks are a subset of the CF artists.

4.2 Network analysis
The network properties of the three datasets are shown in

Table 1. All the networks present the small–world phenom-
ena [21]. They have a small average directed shortest path,
〈dd〉, similar than its equivalent random network, 〈dr〉. Also
the clustering coefficients, C, are significantly higher than
the equivalent random networks Cr. This is an important
property, because recommender systems can be structurally
optimised so as to allow users surfing to any part of a music
collection with a small number of mouse clicks, and so that
they are easy to navigate using only local information [13].

AMG network has a giant component, SGC, smaller than
CF and CB networks. Around 4% of their artists are iso-
lated, and cannot be reached from rest (in the giant com-
ponent). This has strong consequences with regard to the
coverage of the recommendations, as well as the navigation
for the artists located in the “small islands”.

Regarding cumulative indegree distribution, AMG has an
exponential decay, whereas CF and CB follow a power law.
CF has a power–law exponent, γ = 2.31, similar to those
detected in many scale–free networks, including the world
wide web linking structure [5]. These networks are known
to show a right–skewed power law distribution, P (k) ∝ k−γ

4http://www.allmusic.com



Figure 2: Indegree–indegree correlation (assortative
mixing) for the three artist recommendation net-
works: last.fm collaborative filtering (CF), Content–
based (CB), and Allmusic.com experts. CF clearly
presents the assortative mixing phenomenon (rCF =
0.92). Neither CB nor Expert–based present any
correlation (rCB = 0.14, rExpert = 0.17).

with 2 < γ < 3, relying on a small subset of hubs that
control the network [4].

Another difference is the assortative mixing, or indegree–
indegree correlation, presented in Figure 2. CF presents a
high assortative mixing (r = 0.92). That means that the
most connected artists are prone to be similar to other top
connected artists. Neither CB nor Expert–based present
indegree–indegree correlation, thus artists are connected in-
dependently of their inherent properties.

4.3 Popularity analysis
We have outlined, in the previous section, the main topo-

logical differences among the three networks. Now, we add
the popularity factor (measured in terms of total playcounts
per artist), by combining artists’ rank in the Long Tail with
the results from the network analysis. Two experiments are
performed. The former reports the relationships among pop-
ular (and unknown) artists. The latter experiment aims at
analysing the correlation between artists’ indegree and its
popularity.

4.3.1 Artist similarity

Figure 3 depicts the correlation among artist’s total play-
counts and the total playcounts of its similar artists. That
is, given the total playcounts of an artist (x axis) it shows, in
the vertical axis, the average playcounts of its similar artists.
CF network has a clear correlation (rCF = 0.46); the higher
the playcounts of a given artist, the higher the avg. play-
counts of its similar artists. Neither CB nor AMG present
any correlation (rCB = 0.08, rEX = 0.09). Thus, artists are
linked independently of their popularity.

Table 2 presents artist similarity divided into the three
sections of the Long Tail curve. Given an artist, ai, it shows
(in %) the Long Tail location of its similar artists (results are
averaged over all artists). In the CF network, given a very

Method ai → aj Head Mid Tail

CF top–20
Head 45.32% 54.68% 0%
Mid 5.43% 71.75% 22.82%
Tail 0.24% 17.16% 82.60%

CB top–20
Head 6.46% 64.74% 28.80%
Mid 4.16% 59.60% 36.24%
Tail 2.83% 47.80% 49.37%

Expert
Head 5.82% 60.92% 33.26%
Mid 3.45% 61.63% 34.92%
Tail 1.62% 44.83% 53.55%

Table 2: Artist similarity and their location in the
Long Tail. Given an artist, ai, it shows (in %) the
Long Tail location of its similar artists (results are
averaged over all artists). Each row represents, also,
the Markov chain transition matrix for CF, CB, and
expert–based methods.

popular artist, the probability of reaching (in one click) a
similar artist in the tail is zero. Actually, half of the similar
artists are located in the head part, that contains only 82
artists, and the rest in the mid area. Artists in the mid part
are tightly related to each other, and only 1/5 of the similar
artists are in the tail part. Finally, given an artist in the tail,
its similar artists remain in the same area. Contrastingly,
CB and expert–based promote much more the mid and tail
parts in all the cases (specially in the head part).

Moreover, a Markovian stochastic process [16] is used to
simulate someone surfing the recommendation network. In-
deed, each row in Table 2 can be seen as a Markov chain
transition matrix, M , being the head, mid and tail parts
the different states. The values of M denote the transi-
tion probabilities, pi,j , between two states i, and j (e.g.
pCF

head,mid = 0.5468). The Markovian transition matrix, Mk,
denotes the probability of going from any state to another
state in k steps (clicks). The initial distribution vector, P (0),
sets the probabilities of being at a determined state at the
beginning of the process. Then, P (k) = P (0) × Mk, denotes
the probability distribution after k clicks, starting in the
state defined by P (0).

Using P (k) and defining P (0) = (1H , 0M , 0T ), we can get
the probability of reaching the tail, starting in the head part.
Table 3 shows the number of clicks needed to reach the tail
from the head, with a probability phead,tail ≥ 0.4. In CF,
one needs five clicks to reach the tail, whereas in CB and
expert–based only two clicks are needed.

Finally, the stationary distribution π is a fixed point (row)
vector whose entries sum to 1, and that satisfies π = πM .
The last two columns in Table 3 present the stationary dis-
tribution vector for each algorithm, and the number of steps
to converge to π, with an error ≤ 10−6. CF needs more than
three times the number of steps of CB or expert–based in
order to reach the steady state. Even though the probability
to stay in the tail in CF is higher than CB and expert–based,
this is due to the high probability to remain in the tail once
is reached (pCF

tail,tail = 0.8260).

4.3.2 Artist indegree

Up to now, we have analysed popularity in terms of rela-
tionships among the artists. Now we analyse the correlation
between artists’ indegree (potential hubs in the network)



Method k P(k), with P (0) = (1H , 0M , 0T ) and phead,tail ≥ 0.4 π n

CF 5 (0.075H , 0.512M , 0.413T ) (0.044H , 0.414M , 0.542T ) 26
CB 2 (0.038H , 0.562M , 0.400T ) (0.037H , 0.550M , 0.413T ) 7

Expert 2 (0.030H , 0.560M , 0.410T ) (0.027H , 0.544M , 0.429T ) 8

Table 3: Long Tail navigation in terms of a Markovian stochastic process. Second and third columns depict
the number of clicks (k) to reach the tail from the head part, with a probability phead,tail ≥ 0.4. Fourth and
fifth columns show the stationary distribution π, as well as the number of steps, n, to reach π.

Figure 3: A log–log plot depicting the correlation between artist total playcounts and its similar artists
(average values are depicted in black, whilst grey dots display all the values). Pearson r values are: rCF = 0.46
rCB = 0.08, and rEX = 0.09.

CF CB Expert
kin Artist LT pos kin Artist LT pos kin Artist LT pos

976 Donald Byrd 6,362 1,955 George Strait 2,632 180 R.E.M. 88
791 Little Milton 19,190 1,820 Neil Diamond 1,974 157 Radiohead 2
772 Rufus Thomas 14,007 1,771 Chris Ledoux 13,803 137 The Beatles 1
755 Mccoy Tyner 7,700 1,646 The Carpenters 1,624 119 David Bowie 62
755 Joe Henderson 8,769 1,547 Cat Stevens 623 117 Nirvana 19
744 R.E.M. 88 1,514 Peter Frampton 4,411 111 Tool 17
738 Wayne Shorter 4,576 1,504 Steely Dan 1,073 111 Pavement 245
717 U2 35 1,495 Lynyrd Skynyrd 668 109 Foo Fighters 45
712 Horace Silver 5,751 1,461 Toby Keith 2,153 104 Soundgarden 385
709 Freddie Hubbard 7,579 1,451 The Charlie Daniels Band 22,201 103 Weezer 51

Table 4: Top–10 artists with higher indegree (kin) for each recommendation network (spikes in Figure 4).
The table shows too, the artist ranking in the Long Tail (LT pos).

Figure 4: Artist rank in the Long Tail and its indegree, kin (y axis). CF (left) concentrates most of the hubs
in the most popular artists—head and mid parts—, whilst in CB (mid), and expert–based (right) hubs are
spread out through the whole Long Tail.



Figure 5: A log–log plot showing the correlation between artist indegree (kin, in horizontal axis) and its total
playcounts (avg. values in black), in vertical axis. Pearson r values are: rCF = 0.38, rCB = 0.10, and rEX = 0.69.

and its popularity. As a starting point, we present in Ta-
ble 4 the top–10 indegree artists for each network. CF and
expert–based contains two and eight mainstream artists, re-
spectively. CF contains U2 and R.E.M., but the rest of the
list if made of more or less well known Jazz musicians, in-
cluding some in the—top of the—tail part. The whole list
in expert–based AMG is made of very popular artists. Our
guess is that the editors connect Long Tail artists with the
most popular ones, either for being influential or because
a lot of bands are followers of these mainstream artists.
On the other hand, CB has a more eclectic top–10 list, as
one could expect. Oddly enough, there is no new or actual
artists, but some classic bands and artists ranging several
musical genres. Some bands are, in fact, quite represen-
tative of a genre (e.g. Lynyrd Skynyrd, and The Charlie
Daniels Band for Southern Rock, The Carpenters for Pop
in the 70’s, George Strait for Country, and Cat Stevens for
Folk Rock). Probably, the indegree is due to being very in-
fluential in its respective musical styles. In some sense, there
are some bands that “cite” their music (i.e. sound similar).
Although, these results might be somewhat biased; CF and
AMG networks are subsets of their whole similar artists’
graph, thus our sampling could not be a good representa-
tion of the whole dataset. Furthermore, the differences in
the maximum indegree value (kin for top–1 artist) among
the three networks are due to the different sizes (N) and av-
erage degree 〈k〉, but mostly to the topology of the networks;
CF and CB follow a power–law cumulative indegree distri-
bution, whereas AMG has an exponential decay. Therefore,
AMG maximum indegree, kin, is much smaller than the CF
and CB ones.

Figure 4 depicts the artist rank in the Long Tail and its in-
degree in the network. The figure shows whether the artists
with higher indegree in the network (hubs) are the most pop-
ular artists, in terms of total playcounts. In both cases, CF
and expert-based networks, the artists with higher indegree
(hubs) are mostly located in the head and mid part, whereas
in CB they are more spread out through all the curve. In a
similar way, Figure 5 presents the correlation between artist
indegree (kin), and total playcounts. Again, both CF and
AMG expert–based confirm the expectations, as there is a
clear correlation between the artist indegree and its total
playcounts (rCF = 0.38, rEX = 0.69). Artists with high
indegree are the most popular ones. In CB, given a high

indegree value it contains—on average—artists ranging dif-
ferent levels of popularity (rCB = 0.10).

5. DISCUSSION
The results show that last.fm CF tends to reinforce pop-

ular artists, at the expense of discarding less–known mu-
sic. Thus, the popularity effect derived from the commu-
nity of users has consequences in the recommendation net-
work. This reveals a somewhat poor discovery ratio when
just browsing through the network of similar music artists.
It is not easy to reach relevant Long Tail artists, starting
from the head or mid parts (see Table 3). Moreover, given
a long tail artist, its similar artists are all located in the tail
area, too. This do not always guarantee novel music; a user
that knows quite well an artist in the Long Tail is likely to
know most of the similar artists, too (e.g. the solo project
of the band’s singer, collaborations with other musicians,
and so on). Thus, these might not be considered good novel
recommendations to that user, but familiar ones. CF con-
tains, then, all the elements to conclude that popularity has
a strong effect in the recommendations because: (i) presents
assortative mixing (indegree–indegree correlation) in Figure
2, (ii) there is a strong correlation between an artist total
playcounts and the total playcounts of its similar artists (see
Figure 3), (iii) most of the hubs in the network are popular
artists (see Figure 5), and (iv) it is not easy to reach relevant
Long Tail artists, starting from the head or mid parts (see
Table 3).

Human expert–based recommendations are more expen-
sive to create, and also have a smaller Long Tail coverage
compared to automatically generated recommendations like
CF and CB. In terms of popularity, the hubs in the expert
network are comprised by mainstream music, thus poten-
tially creating a network dominated by popularity (see Ta-
ble 4 and Figure 5). However, the topology—specially the
exponential decay in the indegree distribution—indicates
that these artists do not act as hubs. Moreover, it does
not present assortative mixing (see Figure 2), so artists are
linked in an heterogeneous way; popular artists are con-
nected with other less–known artists (see Table 2 and Figure
3). According to the stationary distribution π (see Table 3),
the key Long Tail area in CB and expert–based AMG are
the artists located in the mid part. These artists allow to
navigate inside the Long Tail acting as entry points, as well



as main destinations when leaving the Long Tail. Users that
listen to mainly very unknown music are likely to discover
artists that are in the mid part, and that are easily reachable
from the artists in the tail. One should pay attention, too,
to the quality data in the Long Tail. Assuming that there
exists some extremely poor quality music, CB is not able to
clearly discriminate against it. In some sense, the popularity
effect drastically filters these low quality items. Although, it
has been proved in [19] that increasing the strength of social
influence increased both inequality and unpredictability of
success and, as a consequence, popularity was only partly
determined by quality.

Finally, we need to evaluate the quality of the relation-
ships among artists, as well as the popularity effect when
providing novel, unknown recommendations to the users.
Without any user intervention, then, it is impossible to eval-
uate the quality and user satisfaction of the recommenda-
tions, which does not necessarily correlate with predicted
accuracy [15]. In this sense, our incoming work [8] presents
a user–centric experiment done with 288 subjects and 5,573
rated songs. The results indicate that even though CF rec-
ommends less novel items than CB and expert–based, the
users’ perceived quality is better than those recommended
by CB and human expert methods.

6. CONCLUSIONS
Recommender systems should assist us in the process of

filtering and discovering relevant information hidden in the
Long Tail. In our experiments, popularity is the element
that defines the characteristic shape of the Long Tail. In
this sense, we have analysed the popularity effect in three
different music recommendation approaches. We measure
popularity in terms of total playcounts, and the Long Tail
model is used in order to rank all music artists. As expected
by its inherent social component, the collaborative filtering
approach is prone to popularity bias. This has some conse-
quences on the discovery ratio as well as in the navigation
through the Long Tail.

Future work includes expanding the analysis of the recom-
mendation network, taking into account its dynamics. This
could be used, for instance, to detect “hype” items, that be-
come popular in a very short period of time.
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