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ABSTRACT

Predicting artists that are popular in certain regions of the
world is a well desired task, especially for the music indus-
try. Also the cosmopolitan and cultural-aware music afi-
cionado is likely be interested in which music is currently
“hot” in other parts of the world. We therefore propose
four approaches to determine artist popularity rankings on
the country-level. To this end, we mine the following data
sources: page counts from Web search engines, user posts
on Twitter, shared folders on the Gnutella file sharing net-
work, and playcount data from last.fm. We propose meth-
ods to derive artist rankings based on these four sources
and perform cross-comparison of the resulting rankings via
overlap scores. We further elaborate on the advantages and
disadvantages of all approaches as they yield interestingly
diverse results.

1. INTRODUCTION

To determine popular artists for a certain country or cul-
tural region of the world, one can obviously look into pub-
licly available music charts, such as the “Billboard Hot
100”, released weekly for the United States of America
by the Billboard Magazine [6]. However, this straightfor-
ward strategy is hardly feasibly when we aim at broaden
the scope to the whole world. The reasons are manifold.

First, not all countries do release music charts for vari-
ous reasons. Causes may be, for example, a lack of capa-
bility to determine music sales or an underdevelopment of
music distribution at large. Even if data is available, it is
often not publicly accessible, and even if so, not always in
an easy-to-use format, e.g., via a Web service.
Second, even if charts are available for a specific country,
they often cover only certain ways of music distribution.
Commonly they are strongly biased towards sales figures
of music albums. In some countries, however, they also
include digital music sales via online stores. This inho-
mogeneity between countries, i.e., the in- or exclusion of
certain distribution channels, make such data hardly com-
parable between different countries of the world. Another
aspect to be considered here are possible heavy distortions
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caused by (illegal) music sharing channels, since legisla-
tion in this area varies severely between countries. In fact,
the majority of today’s music distribution is affected via
file sharing networks [2]. Thus, traditional charts, such as
the “Billboard Hot 100”, are becoming less and less rele-
vant.
Third, if the aim is to come up with a list of the most pop-
ular artists ever, countries lacking solid historical records
constitute an obvious problem.

Summarizing these challenges, we conclude that ana-
lyzing which kind of music is popular in a specific coun-
try or cultural region necessitates taking a deeper look into
various distribution channels and data sources. In this pa-
per, we therefore present four different approaches to esti-
mate artist popularity rankings on the country-level, each
of which makes use of a different data source. The first
one is based on page count estimates of Web search en-
gines, the second approach analyzes Twitter posts, the third
one derives information from meta-data of users’ shared
folders in a Peer-to-Peer network, and the fourth one uses
playcount data from last.fm.

In the remainder of this paper we review related lit-
erature (Section 2), present four approaches to determine
artist popularity on the country-level (Section 3), elabo-
rate on the conducted evaluation experiments and discuss
their results (Section 4), and finally draw conclusions (Sec-
tion 5).

2. RELATED WORK

Related work falls into two categories: literature that par-
ticularly tackles the task of chart prediction, and work that
relates to the four approaches we propose for this task.

Targeting the problem of predicting music charts, Koe-
nigstein and Shavitt [26] present an approach to predict the
charts based on search queries issued within the Peer-to-
Peer (P2P) file sharing network Gnutella [35]. The authors
show that a song’s popularity in the P2P network highly
correlates with its ranking in the Billboard charts. The au-
thors’ approach can further predict upcoming charts with
high accuracy. However, for their analysis Koenigstein and
Shavitt only consider the United States.
Pachet and Roy [33] try to predict the popularity of a song
based on audio features and a variety of manual labels. The
authors’ conclusion is, however, that even state-of-the-art
machine learning techniques fail to learn factors that de-
termine a song’s popularity, irrespective of whether they
are trained on signal-based features or on high-level hu-
man annotations.



In [38] Schedl et al. propose several heuristics to determine
which artists are popular within a certain genre. They re-
late occurrence counts of artist names on Web pages via
an approach similar to Google’s backlink and forward link
analysis [34]. The authors show that downranking factors
for artist names equaling common speech terms improve
accuracy when comparing the resulting rankings against a
ground truth popularity categorization extracted from all-
music.com [3].
In [22] Grace et al. derive popularity rankings from user
comments in the social network MySpace [32]. To this end,
the authors apply various annotators to crawled MySpace
artist pages in order to spot, for example, names of artists,
albums, and tracks, sentiments, and spam. Subsequently,
a data hypercube (OLAP cube) is used to represent struc-
tured and unstructured data, and to project the data to a
popularity dimension. A user study showed that the list
generated by this procedure was on average preferred to
the Billboard charts.

Previous work that relates to the four approaches pro-
posed here comprise the following.
Our heuristic that uses page counts returned by search en-
gines builds upon work from [20, 39], where Web co-oc-
currences of artist names and terms specific to the mu-
sic domain are used to categorize artists, a process also
known as “autotagging” [13]. In [37] Schedl et al. propose
a similar approach to estimate artist similarity. The authors
suggest a simple probabilistic model that defines similarity
between two artists a and b as the conditional probability
of a to be mentioned on a Web page known to relate to b
and vice versa. Accuracies of up to 85% were reported for
genre classification.
To the best of our knowledge, Twitter [41] has not been
scientifically investigated for music information extraction
and retrieval yet. Although there do exist certain commer-
cial services, such as BigChampagne [7] and Band Met-
rics [9], which seem to incorporate microblogging data
into their artist and song rankings, no details on their ap-
proach are available. Furthermore, they strongly focus their
services on the USA. A general study on the use of Twit-
ter can be found in [24]. Java et al. report that Twitter is
most popular in North America, Europe, and Asia (Japan),
and that same language is an important factor for cross-
connections (“followers” and “friends”) over continents.
The authors also distill certain categories of user intentions
to microblog. Employing the HITS algorithm [25] on the
network constructed by “friend”-relations, Java et al. de-
rive user intentions from structural properties. They iden-
tified the following categories: information sharing, infor-
mation seeking, and friendship-wise relationships. Ana-
lyzing the content of Twitter posts, the authors distill the
following intentions: daily chatter, conversations, sharing
information/URLs, and reporting news.
Using Peer-to-Peer networks as data source for music in-
formation retrieval, [8, 14, 31, 43] rely on data extracted
from OpenNap to derive music similarity information. All
of these papers seem to build upon the same data set, which
comprises of metadata on shared content (approximately
3,000 shared music collections were analyzed). Logan et
al. [31] compare similarities defined by artist co-occur-
rences in shared folders, by expert opinions from allmu-
sic.com, by playlist co-occurrences from Art of the Mix [4],
by data gathered from a Web survey, and by MFCC fea-
tures [5]. To this end, they calculate a “ranking agree-
ment score”, i.e., the pairwise overlap between the N most
similar artists according to each data source. The main

findings are that the co-occurrence data from OpenNap
and from Art of the Mix show a high degree of overlap,
the experts from allmusic.com and the participants of the
Web survey show a moderate agreement, and the signal-
based MFCC measure had a rather low agreement with the
music context-based data sources. More recently, in [40]
Shavitt and Weinsberg mine the Gnutella file sharing net-
work to derive artist and song similarities. The authors
gathered metadata of shared music files from about one
million Gnutella users in November 2007, which yielded
information on half a million songs. Analyzing the 2-mode
graph of users and songs revealed that most users share
similar files. The authors further propose a method for
artist recommendation based on the gathered data.
Taking a closer look at the data source of music informa-
tion systems, which corresponds to the fourth approach,
not only last.fm [28] provides popularity rankings via their
API [29]. Echonest [15] offers a function to retrieve a rank-
ing based on the so-called “hotttness” of an artist [17]. This
ranking is based on editorial, social, and mainstream as-
pects [16]. However, this Web service does not provide
country-specific information.

3. DETERMINING ARTIST POPULARITY ON
THE COUNTRY LEVEL

We propose the following four heuristics to determine an
artist’s popularity in a certain country, and consequently
create an artist popularity ranking. To this end, we first
retrieve a list of 240 countries from last.fm [30], based on
which the following approaches operate.

3.1 Search Engine Page Counts

This approach makes use of a search engine’s number of
indexed Web pages for a given query, a count usually re-
ferred to as page count. These page counts are, however,
only rough estimates of the real number of available Web
pages related to the query. Nevertheless, for the purpose
of classifying music artists into genres [20, 37, 39] and for
classifying general instances according to a given ontol-
ogy as well as for learning sub- and superconcept rela-
tions [11, 12], this method yielded respectable results.

For the paper at hand, we queried the search engines
Google [21] and Exalead [18], using their API or issu-
ing HTTP requests. The page count values returned for
all 〈artist, country〉 tuples were retrieved. To avoid ex-
cessive bandwidth consumption, we restrict the number of
search results to be transmitted to the smallest value (this
is usually one result). Since we are only interested in the
page count estimates, this restriction effectively reduces
network traffic without effecting the results.
The two main challenges of this approach are directing the
search towards pages related to the music domain and al-
leviating the distortions caused by artist names that equal
common speech words. We address these issues by using
queries of the form

"artist name" "country name" music

and weighting the resulting page count values with a fac-
tor resembling the inverse document frequency (idf) [46].
The final ranking score is thus calculated according to For-
mula 1, where pcc,a is the page count value returned for the
country-specific query for artist a and country c, N is the
total number of countries for which data is available, and
dfa is the number of countries in which artist a is known



according to the data source (i.e., the number of countries
with pcc,a > 0).

popularity pcc,a = pcc,a · log2

(
1 +

N

dfa

)
(1)

3.2 Twitter Posts

Many Twitter posts reveal information about what people
are doing or thinking right now. We are interested in posts
containing information about which music is currently be-
ing played by users in a given country. To accomplish this,
we retrieve posts using the Twitter Search API [42]. The
posts are then narrowed in two ways. First, we only search
for posts containing the hashtag #nowplaying. This restric-
tion is directly supported by the Twitter API. As a second
restriction, the search is narrowed to a specific country.
Not being aware of a more direct implementation for the
second restriction, we search only for posts whose users
are located within a certain radius around a GPS coordi-
nate. More specifically, for a given country, we determine
the coordinates of larger cities (with more than 100,000
inhabitants) and search for posts originating from a circle
of 100 kilometers around the respective coordinates. The
names of the cities are taken from Wikipedia, e.g., [45], and
the coordinates are determined by using Freebase [19]. For
each city location for which geolocation data is resolved
successfully, all Twitter posts available through the Twitter
API are retrieved, which yields a maximum of about 1,500
posts per city location.

One of the advantages of using this kind of data is cer-
tainly its recentness. Thus, the retrieved data may contain
artists that do not appear in our list of most popular artists
(cf. Section 4.1). A first look at the format of the texts
reveals that automatic tokenization seems not easily to ac-
complish due to the large variation of wording and creative
methods to use the available number of characters. We
therefore opt to scan the retrieved texts for the artists con-
tained in the artist list, and we count the number of their ap-
pearances for a given country c. This count equals the term
frequency (tfc,a) of a in an aggregated document compris-
ing all posts gathered for cities in country c. Formula 2
gives the ranking score. The rightward term again repre-
sents an idf -factor that downranks artists that are popular
everywhere, and thus not specific to country c. N is the
total number of countries, and dfa is the number of aggre-
gated country documents in which artist a occur.

popularity twic,a = tfc,a · log2

(
1 +

N

dfa

)
(2)

3.3 Shared Folders in a P2P Network

Collecting shared folder data from Gnutella users is a two-
staged-process. First, a crawler needs to discover the cur-
rent network topology (which is very dynamic). Subse-
quently, a browser queries the active users for their shared
folders data. The crawler treats the network as a graph, and
performs a breadth-first exploration, where newly discov-
ered nodes are enqueued in a list of un-crawled addresses.
The crawler provides a list of active IP addresses to the
browser, which sends Gnutella “Query” messages [1] to
the clients. The clients reply with “QueryHit” messages,
that lists their shared folder content. These messages are
the basis for our P2P data set.

The system described above is a different system than
the one used by Koenigstein and Shavitt in [26], which col-
lected Gnutella search queries for song ranking. One ad-
vantage of a shared folder data set over queries is the avail-
ability of ID3 tags and hash keys, which simplifies the pro-
cess of associating the digital content with a musical artist.
However, when singles ranking is considered (as in [26]),
queries tend to better reflect the changing popularity trends
of pop songs over short time intervals. In this study, we as-
sociate artists with digital content by matching the artist
names against the content of the ID3 tags. Occasionally,
the content in ID3 tags is missing or misspelled. We there-
fore, match the artists names against the file names as well.

In order to build popularity charts for specific countries,
one needs to resolve the geographical location of the users.
The geo-identification is based on the IP addresses. First,
we generate a list of all unique IP addresses in the data
set (typically over a million). We resolve the geography
of IP addresses using the commercial IP2Location [23]
database. Each IP address is bounded with its country
code, city name, and latitude-longitude values. This accu-
rate geographical information pin points artists’ fans and
enables tracking spatial diffusion of artists popularity [27].

After the digital files are associated with artists names
and geography, building popularity charts is straightfor-
ward. For each country, we aggregate the total number of
digital content that is associated with each artist. Ranking
is then performed according to frequency.

3.4 Last.fm Playcounts

We further estimate country-specific artist popularity based
on the community of last.fm users. Despite the issues of
hacking and vandalism as well as the community bias [36],
which are inherent to collaborative music information sys-
tems, the playcounts of last.fm users can be expected to
reflect to a certain extent which music is currently popu-
lar. We therefore gathered the top 400 listeners of each
country at the end of 2009. We subsequently extracted the
top-played artists for each of the resulting top-listeners-
sets. 1 Aggregating the playcounts for each artist over a
country’s top listeners finally yielded a popularity ranking
for the country under consideration.

4. EVALUATION

4.1 Test Set

We used last.fm’s Web API [29] to gather the most popular
artists for each country of the world, as of November 2009.
We then aggregated this data into a single list of 201,135
unique artist names.

4.2 Experiments

As we aim at assessing the pros and cons of the various
approaches, without yet having an established ground truth
for this kind of experiments, we choose to perform a pair-
wise comparison of the approaches. Each approach pro-
duces a ranked list of artists for the various countries. Ex-
pecting that the absolute numbers obtained by the various
approaches are not immediately comparable, we compare
the produced artist popularity rankings of two approaches

1 In the meantime, last.fm has extended its API with a
Geo.getTopArtists function, which can be used to directly
retrieve the top-played artists among a certain country’s users. Quick
empirical comparisons showed that the implementation behind this
function seems to resemble our approach.



Aj and Ak. This comparison is done separately for each
country c. In the next subsections, we describe the applied
data preprocessing steps and the used evaluation measure
in detail.

4.2.1 Preprocessing

We start our analysis by processing the artist names in
the artist popularity list for country c of each approach
in a basic way (e.g., each artist name is represented in
lower case, repeated whitespace characters are removed,
and UTF-8-encoded characters are transformed to canoni-
cal ASCII representations).

Instead of using raw artist counts directly, we normalize
them, attempting to avoid dominance of common-speech
words, or globally popular artists whose popularity is not
highly country specific. For each artist, the number of
countries this artist appears in is counted. Each country-
specific artist count acc,a is then normalized as indicated
in Equation 1.

Artist names appearing in the two lists (given by the pair
of approaches under investigation) are matched against each
other, and only artists appearing in both lists are kept. Based
on this data, we calculate the overlap between the rankings
obtained with the two prediction approaches, as described
next.

4.2.2 Evaluation Measures

The top-n rank overlap for country c between approaches
Aj and Ak is calculated as

roc,Aj ,Ak,n =
1
n
·
∣∣{a|max

(
rAj ,c,a, rAk,c,a

)
≤ n}

∣∣ (3)

where rAj ,c,a denotes the ranking of artist a in country
c according to approach Aj , only considering the artists
for which both approaches (Aj and Ak) yield a ranking
score. In other words, the top-n rank overlap is the fraction
of artists appearing within the top n ranked artists in both
approaches. For example, if one artist is within the top-2
ranked artists of both approaches, the top-2 rank overlap
is 0.5. Obviously, n can take values up to the number of
artists nmax,c for which both approaches deliver rank data
for country c, and the top-nmax,c rank overlap is always 1.

To obtain an overall measure for two approaches and a
given country, we define the country-wise rank overlap as

croc,Aj ,Ak
=

1
nmax,c

nmax,c∑
n=1

roc,Aj ,Ak,n (4)

which has a trivial (random) baseline of about 0.5 and
a maximum value of 1.0 when both rankings are identical.
The country-wise rank overlaps are further combined to
obtain one overall scalar value for approaches Aj and Ak.
To account for the different quantity of available informa-
tion, we weight the overlap score of each country with the
number of artists for which information is available. We
define the overall overlap measure between approaches Aj

and Ak as

ov (Aj , Ak) =

∑
c∈C

nmax,c · croc,Aj ,Ak∑
c∈C

nmax,c
(5)

The measure ov also has a trivial baseline of about 0.5
and a maximum value of 1.0.

Figure 1. Top 8 countries for pc google vs p2p.

To give an illustrative example, Figure 1 shows for the
comparison of approach pc google and p2p the 8 countries
with highest ro value, as a chart from 1..nmax,c.

4.3 Results and Discussion

Each approach offers at least a slightly different view on
reality since the data sources are of distinct nature. There
is also no such thing as a “ground truth” for this task, as
each data source (even “Billboard”-style charts) is biased,
as elaborated below. Nevertheless, we would like to point
out certain interesting observations.
Looking at Figure 2, the highest overlap score of 0.67 is
found between Google page counts and P2P. One reason
may be that the two sources have broadest coverage. An-
other explanation may be the time dependency. Twitter
and last.fm are much more time dependent, whereas P2P
shared folders and amounts of Web pages change much
slower. In fact, the content of the data sources behind P2P
networks and Web search engines, i.e., users’ music col-
lections and Web pages, respectively, is accumulated over
years. Microblogging posts and last.fm data, in contrast,
change much faster and are therefore more likely to reflect
trends.
Second, the page counts approach using Google and the
same approach using Exalead do not produce similar re-
sults, as we would have expected. In fact, the rankings
reveal a non-significant overlap of 0.51. A possible expla-
nation is that the two search engine providers may use very
different page count estimation techniques.
Exalead shows the lowest overlap with other sources. Its
highest overlap is realized, not surprisingly, with Google
and with P2P, but it remains slightly above the baseline
(0.53). An explanation for Exalead’s low overlap score
becomes apparent when looking at Figure 3. Exalead has
by far the highest number of matching artists, which may
induce a high noisiness.
In terms of country coverage (cf. Figure 3), the last.fm
and the page counts approaches offer data for nearly ev-
ery country in the world.

To account for the different nature and scope of the pro-
posed approaches (and underlying data sources), we com-
pare them according to several aspects in Table 1, elaborat-
ing on specific advantages and disadvantages. One issue is
that certain approaches are prone to a specific bias. For
example, the average last.fm user does not represent the
average music listener of a country, i.e., last.fm data is dis-
torted by a “community bias”. The same is true for Twitter,
which is biased towards artists with very active fans. On
the other hand, some very popular artists may have fans



Figure 2. Overlap ov between each pair of approaches.

Figure 3. Number of countries with non-empty overlap.

that twitter to a much lower degree. This issue becomes
especially apparent when thinking of live artists vs. dead
ones: The live ones keep making new headlines, and prob-
ably also have many more active fans, while the dead ones
have an inherent problem with this. Traditional charts are
biased towards the data the music industry uses to derive
them, usually record sales figures.
Another aspect according to which the approaches differ
considerably is the availability of data. While page count
estimates are available for all countries of the world, the
P2P and Twitter approaches suffer from a very unbalanced
coverage, strongly depending on the country under con-
sideration. Also traditional music charts vary strongly be-
tween countries and continents with respect to availability.
According to [44], only one country in Africa publishes
official music charts, while this number amounts to 19 for
Europe.
A big advantage of traditional charts is their virtual im-
munity against noise. Page count estimates, in contrast,
are easily distorted by ambiguous artist or country names.
last.fm data suffers from hacking and vandalism [10], as
well as from unintentional input of wrong information and
misspellings.
In the dimension of time dependence, the approaches can
be categorized into “current” and “accumulating”, depend-
ing on whether they reflect the instantaneous popularity, or
a general, all-time popularity in that they accumulate pop-
ularity levels over time.

Figure 4. Average number of artists per country (nmax,c).

5. CONCLUSIONS AND FUTURE WORK

We presented four approaches to determine country-specific
artist popularity rankings based on different data sources
(search engine’s page counts, Twitter posts, shared folders
in the Gnutella network, and playcounts of last.fm users).
In the absence of a standardized ground truth, we performed
pairwise comparison of the approaches and elaborated on
particular advantages and disadvantages. Most approaches
showed only weak overlaps, probably due to the different
nature of their data sources. We found, however, a con-
siderable overlap between Google page counts and P2P
data, which is probably explained by the similar time scope
the two data sources cover. As a general conclusion, we
can state that artist popularity can be derived from various,
quite inhomogeneous data sources. The remarkably weak
overlap between most of them indicates that the quest for
artist popularity is a multifaceted and challenging task, in
particular in today’s era of multi-channel music distribu-
tion. To derive one overall popularity measure, we will
need to combine the different sources.
Future work will hence foremost aim at elaborating hybrid
approaches that account for the different quantity and qual-
ity of information output by the four heuristics. We will
also work on refining our approaches to capture artist pop-
ularity within certain genres, e.g., by incorporating meth-
ods similar to [38]. We will further look at the various
processing steps in more detail. Most of the current imple-
mentations were created in an ad-hoc manner, and some of
the choices might degrade the performance. For example,
better string comparison algorithms may improve results
for artists whose names may be spelled in various ways.
Alternative ways of normalizing artist counts for the indi-
vidual approaches are also likely to yield improvements.
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