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The emergence of microblogging services date back to 200
However, they gained greater popularity not before theg/ear.
2007 and 2008 Today’s most popular microblogging ser-
vice is Twi t t er 2, where millions of users post what they
are currently doing or what is currently important to them

Abstract

This paper looks into the suitability of microblogs
for an important task in music information re-
search, namely popularity estimation of music
artists. The research questions addressed are the
following: To which extent are microblogs used
to communicate music listening behavior? Are
there differences between different countries of the
world? Is it possible to derive a popularity measure
from user’s microblogging activities?

We found that microblogging does indeed represent
an important communication channel for revealing
music listening activities, although the intensity of
its use vary considerably from country to country.
Motivated by this finding, we took first steps to-
wards ageo-aware, social popularity measufier
music artists. To this end, we analyzed user posts
mined from the microblogging servicewi t t er

over a period of five months. Addressing the prob-
lem of determining the popularity of music artists,
we employed a gazetteer on extracted posts relevant
for particular music artists. The presented approach
aims at extracting time- and location-specific artist
popularity information. We evaluated the perfor-
mance of the approach by comparing the popularity
rankings derived fronTwi t t er posts against the
popularity rankings provided blyast . f m a pop-
ular music information system and recommender
engine.

M otivation and Context

[Kazeniac, 200D

The work at hand tackles a problem from music informa-
tion research (MIR), a field that is concerned with the ex-

*http: // www. sysonps. conf i nsi detwi tter
(access: March 2010)

2http://www. t Wi tter. com(access: January 2011)

traction, analysis, and usage of information about any kind
of music entity (for example, a song or an album) on any
representation level (for example, an audio signal, a syimbo
MIDI representation, or an artist's nani&ched|, 2008 Fig-
uring out which artists/performers of music are populams a
interesting research question, not at last for the musiagsnd
try, but also for the artists themselves and for the interkst
music aficionado.

In MIR we can distinguish three broad categories of mod-
eling music items with respect to the underlying data squrce
namelymusic contenbasedCaseyet al., 2009, music con-
textbased[Schedl|, 201], and user contexbased[Goker
and Myrhaug, 200Rapproaches. Feature vectors describ-
ing aspects from one or more of these three categories can
be constructed, and similarity measures can be applied to
the resulting vectors of two pieces of music or two mu-
sic artists/performers. Elaborating such musical sirtylar
measures that are capable of capturing aspects that relate t
perceived similarity is one of the main challenges in MIR.
Such measures are a key ingredient of various music applica-
tions, for example, automatic playlist generaf@wscouturier
and Pachet, 2002; Pohé al., 2007, music recommender
systemdCelma, 2008 music information systemiSchedl,
2004, semantic music search engirléneeset al., 2007,
and intelligent user interfacd®ampalk and Goto, 20070
music collections.

For all applications mentioned, popularity informatiomca
be of particular value. For example, a music recommender
system or a playlist generator will benefit from popularity i
formation in that it will allow adapting its recommendatfon
or playlists to different types of users. It is a well-known
fact that different kinds of users (in terms of their musie un
gerstanding and background) require different music recom
mendations, cflCelma, 2008 In particular, music experts
in certain styles or genres get quickly bored if such a sys-
tem keeps on recommending popular artists that are already
known to this sort of user. Incorporating popularity infam
tion — in this case, including “long tail” artists in the rene
mendations — is likely to yield serendipitous results fochsu
users.

Addressing popularity as an important category of music-
related information, the work at hand was driven by two re-
search questions: To which extent are microblogs used to ex-
press music preferences and listening activities in difier



places around the world? Is it possible to derive a popuylarit to a one-dimensional popularity space. Based on a conducted
measure from user’s microblogging activities? The firstsgue user study, the authors conclude that the list generateuidy t
tion will be answered by an analysis of microblogs about mu-method is on average preferred to Bid | boar d charts.

sic listening in Section 3.1. Prior to that, Section 2 ddsesi  Using search queries raised in the Peer-to-Peer network
the data acquisition and popularity estimation steps. Heee  Gnut el | a [Ripeanu, 200}l[Koenigstein and Shavitt, 2009
present first steps towards derivilogation- and time-specific present an approach to predict music charts. The authors
music popularity informatiofrom posts ofTwi t t er users. demonstrate that a song’s popularity in @eut el | a net-

The second question is addressed in Section 3.2, where we neork correlates with its ranking in thBi | | boar d charts.

port on the results of quantitative experiments compatieg t For their analysis Koenigstein and Shavitt only consider th
microblog-based popularity estimates with a referenca datUnited States of America, because of its predominance in
set extracted fronh ast . f . Eventually, Section 4 sum- available data.

marizes the work and points out some directions for futureThe work at hand is probably most related 8chedlet al.,

research. 2014, where popularity estimates of music artists are calcu-
) o lated on the country level using different data sourcese8ich
11 Microblog Mining et al. use page count estimates returned by Web search en-

With the advent of microblogging, a huge, albeit noisy datadines as result of music artist-related requests, uses pest
source became available. Since millionsTefi tt er users turned byTwi tter as result of artist-related queries, in-
tweet around the world, telling everyone who is interestedormation on music files shared by users of Grut el | a
what is important to them, microblogs are an obvious sourcéile sharing network, and playcount data extracted from
to derive popularity information. However, it seems that li | ast.fm The approach proposed here is different from
erature dealing with microblogs mostly studies human fac{Schedlet al, 2010 in that Schedl! et al.'s work only allow
tors (e.g.[Teevaret al, 2011) or describes properties of the for an overall popularity prediction on the country levet. |
Twittersphere (e.g[Javaet al, 2007; Kwaket al, 201(0). A does neither take into account thepularity on the level of
general study on the use ®fii t t er can be foundifiJavaet  individual cities nor thetime-dependence of the popularity
al., 2007. Java et al. reportthdwi t t er is mostpopularin ~estimate Both factors are, in our belief, indispensable for a
North America, Europe, and Asia (Japan), and that same lardine-grained analysis of popularity. .
guage is an important factor for cross-connections (“fﬂ'”O US|ng Conteﬂt-based audlo.features and manually aSSI_gned |
ers” and “friends”) over continents. The authors also igsti  Pels to predict the popularity of a song is addressefPir
certain categories of user intentions to microblog. Employ chet and Roy, 2008 Pachet and Roy’s conclusion is, how-
ing theHITS algorithm[Jon M. Kleinberg, 199Pon the net- ~ ever, that even state-of-the-art machine learning tectesiq
work constructed by “friend”-relations, Java et al. derager ~ fail to learn factors that determine a song’s popularityg-ir
intentions from structural properties. They identified tble ~ spective of whether they are trained on signal-based fesitur
lowing categories: information sharing, information segk O on high-level human annotations.

and friendship-wise relationships. Analyzing the contant

Twi t t er posts, the authors distill the following intentions: 2 Microblog Mining for Popularity

daily chatter, conversations, sharing information/URéusd Estimation

reporting news.

Scientific work related to content mining of microblogs in-
cludes the following: Cheng et al. propose a method to local

ize Twi t t er users based on cues (“local” words) extracted.. - . h
( ) tions. The data set compris&%0 cities with at leas500,000

from their tweets’ contentChenget al, 201J. Sakaki et . . . .
al. propose semantic analysis of tweets to detect eartlmuak!nhab'tams' We further gathered the corresponding lonati

in Japan in real-timgSakakiet al, 2010. A more general ap- qurmatt;]on (Iongltu((jtlle- ?nd Iatltude-va]ttjes)(j. ¢
proach to automatically detect events and summarize trends>"'d N€S€ coordinates, we monitored User posts on
by analyzing tweets is presented by Sharifi efSharifi et Wi tt er that include geographic positioning information

Since we are interested in tepatio-temporal popularity dis-
tribution of music artists, we first extracted in May 2010 from
Wor | d Gazett eer® a list of world’s largest agglomera-

al. 201d for a period of five months, more precisely, from May to
v ' September 2010. To this end, the geo-localization methods
1.2 Popularity Estimation for Music provided by theTwi t t er API” were used. We searched for

the exact longitude- and latitude-coordinates of the aggle
ations in our list and added a search radius of 50 kilometers i
order to account for surrounding suburbs. Since we focused
our analysis on music listening activities, we restricteslex-
Sraction of messages to posts including theowpl ayi ng

Determining the popularity of a music artist or song is a rel-
atively new research area. The earliest work in this dioecti
to the best of our knowledge, i&raceet al, 2004, where
Grace et al. estimate popularity rankings based on uses po
mined fromnyspace®. The authors apply different annota-
tors to artist pages in order to detect artist, album, arntktra ~ Shttp://en. wi ki pedi a. or g/ wi ki / Bi | | boar d_
names, as well as descriptions of sentiments and spam. Kot _100 (access: May 2009)
data hypercube (OLAP cube) is then used to project the data °htt p://wor | d- gazetteer.com
- (access: October 2010)

Shttp://1 ast . f m(access: January 2011) "http://apiwiki.tw tter.com

“htt p: / / www. myspace. com(access: November 2010) Twi tt er - APl - Documnent at i on (access: January 2011)



hashtag, as this descriptor is commonly used to refer to murigure 1 reveals the top 10% of cities with the highest abso-
sic currently played by the user. It has to be noted, howevetute number of music-relatefiwi t t er posts, whereas Fig-
that only a few percentage:(5%) of tweets come along with ure 2 shows the cities with highest relative number of posts,
geo-local information. Therefore, our results may be kliase normalized by the respective city’s number of inhabitants.
towards technology-affine users who possess the latest-gendaking a closer look at the most active agglomerations in
ation of smartphones or other mobile computing equipment.absolute terms, the dominance of Asian metropolises stands
Having gathered user posts together with spatio-temporal i out; six out of the top 10 cities are located in Asia, two in
formation in this way, we built a word-level ind¢Xobeland  Europe, one in North America, and one in South America.
Moffat, 2004 applying casefolding and stopping. We then When analyzing the activeness of inhabitants relativeeéd th
employed an annotation component, whose knowledge basity’s size, Brazil dominates the ranking (four out of the to
comprised of3,000 names of music artists. To this end, we 10 cities). Four cities are located in Asia, one in Europé, an
retrieved the overall most popular artists frobmst . f mus-  five in South America (one in Chile, in addition to the four
ing their Web AP$. Sincel ast . f mis data is known to con- in Brazil). This might reflect the ascribed affinity of South
tain a high amount of misspellings or other mistakes due tcAmericans to music and their openness to talk about their
their collaborative, user-generated knowledge asenere,  habbits and activities.
2009, we cleaned the data set by first matching each artist To obtain an estimate of music-relatédi t t er use on
name with the database of the expert-based music informaticthe country level, we aggregated the data obtained foriddiv
systemal | nusi c. con? and second retaining only those ual cities to the respective countries. The results are stiow
names that were also known ay| nmusi c. com Forindex-  Figures 3 and 4 as absolute amount of posts and as number of
ing the tweets we used a modified version of theeene®®  posts relative to the number of inhabitants, respectively.
indexer. We adapted the retrieval component for optimized'hese figures are largely in line with a report that explanes t
retrieval of ranked artist sets, given a particular day and | use ofTwi tt er around the worldEvans, 201pand shows
cation. Ranking is simply performed according to the totalthe top 20 countries in terms of total number of posts con-
count of artist occurrences in the respective posts, which ¢ tributed. However, some interesting outliers can be found.
responds to theerm frequencyf, ; ; of terma (denoting the  Comparing the list of top-ranked countries in terms of total
artist name) in the posts retrieved for a particular locatiat  tweet contributefiEvans, 201Pwith the 20 top-ranked coun-
a particular time. tries in terms of music listening-related posts (cf. Figdjral-

The list of agglomerations we used can be down-lows to approximate in which countridsi t t er is dispro-
loaded from[om tted due to to double-blind portionately often or seldom used to report on listening ac-
revi ew] . The set of3,000 artist names is available at tivities: Countries whose inhabitants are most frequeatsis

[omitted due to to double-blind review. of Twi t t er, but not among the top 20 in terms of sharing
current listening activities are Australia (ranketa i terms
3 Statistics and Evaluation of total tweet contributed according f&vans, 2010, Sin-

Experimentation was driven by two main questions. On thegapﬁre @), Fr:ance (1), Ireland (18", New Zealand
one hand, we were interested in ttistribution of music- (171, Italy (1), and Iran (28"). On the other hand, a dis-
relatedTwi t t er postsaround the world. Assessing whether proportionately high amount of music-related posts in-rela
the quantity of available information varies consideraioly ~ tionto overallTwi t t er usage can be foundin China (ranked
different regions of the world was one subtask. The otheith in Figure 3), South Korea E'?), Venezuela (ﬁ"), South

was investigating if any differences between the geneml usyicq (16th) Colombia (1$h) Chile (1§h) and the Do-

of Twi tt er and the posting of music-related information minican Republic (26‘). These countries occur among the

can be detected, 20 in our list reporting on music-related posts, but ae n
The second set of experiments addressed the questiéﬂp ; 'ep 9 . P !
included in the list of top 20 countries for total tweet con-

whether music-related posts are capable of revealingrimder tributed
tion on thecurrent popularity of music artistsTo this end, we ’
compared the location- and time-specific information detiv
from theTwi t t er posts with artist charts gathered from the
music information systerhast . f m

3.2 Comparisonof Twitter andl ast.fm
Popularities

. . In a second set of evaluation experiments, we compared the
3.1 Geographical Analysisof the Data set of popular artists extracted frofiwi t t er posts with
Analyzing the geographical distribution @i t t er users @ reference set. Since traditional music charts, such as the
who reveal their current music taste (by including the“Billboard Hot 100" released weekly for the United States of
#nowpl ayi ng hashtag in their posts) was our first objec- America by theBi | | boar d Magazi ne, are neither avail-
tive. Figures 1 and 2 show the cities whose inhabitants ar@ble on the level of individual cities, nor for all countries

most active in terms of posting listening-related messagesfhe world, we gathered popularity data fromst . f mas fol-
ows.

8http://last.fnlapi (access: March 2010) | ast . f mprovides weekly artist charts for selected “met-
http://all nusi c. com(access: January 2011) ros”. Taking as input the list af90 locations gathered from
®ht t p: / /1 ucene. apache. or g (access: January 2011) Wrld Gazetteer, we were able to extract artist charts



for 84 of the corresponding metropolises. In order to bettercity’s aggregated ast . f mcharts for the same period (the
understand the quality of the data on different temporal levfive months for which we gathered data). The precision on
els, various experimental settings were evaluated. Thatses the city level is calculated based on artist séfy andAlfm,

are summarized in Table 1. First, we performed an esagt  jrrespective of the date

to-daycomparison experiment. To this end, for all pairs of

days and locations for which information was available from ‘Afw ) Alfm‘
both sourcesTwi tt er andl ast. f ), we compared the prec; = —
extracted artist sets. Sintast . f mprovides popularity in- A7

formation only on the level of weeks, we interpolated thistpe qefinition of recall F;-measure, and overlap updates
weekly information to individual days. The results of this analogously.

day-to-day comparison experiment, averaged over all loca- ¢ 'regyits of this experiment can be found in the third col-
tions and days under con5|derat|on, are depictedin the_1sleco umn of Table 1, labele@2C. It can be seen that the average
column of Table 1, labeled2D. Taking thel ast. f martist recall increases substantially compared to the day-tcsday
set as reference set, we calculated the following perfoo@an 4 “\hile the average precision remains almost the same.
measures. This can be explained by the disproportionately low num-
ber of artists covered blyast . f mcharts, compared to the
number extracted froriwi t t er, for this granularity level.

In fact, the average number of unique artistsTini t t er
posts exceeds the average number of unique artists covered
by | ast . f mcharts by a factor of five — cf. first two rows
of Table 1. The considerable improvement of @&C setting

Precisionat a specific day and location/ is defined as the
fraction of artists found ifwi t t er messages posted at day
t and location/ that are also reported Hyast . f nis chart
function for! andt¢, among the total number of artists found
in Twi t t er messages for dayand locatiori. Formally,

‘Atw N Afm over theD2D setting might also be explained by a temporal
prece; = bl bl lead or lag of the two data sourdeast . f mandTwi tter,
' ‘Aivf’ which is smoothed out when temporal aspects are ignored.

Further_ broadening the scope _of matching yie!ds the fi-
WhereAiff is the set of popular artists predicted by our ap-nal experiment conducted. For this overall matching exper-

. . . iment, all extractedwi tt er posts as well as all retrieved
prc_>ach for time and location, andAth? is the set of popular | ast . f mcharts were aggregzted, and the performance mea-
artists reported byast . f m sures were only calculated on the resulting two artist sets.
This setting can be thought of as a global popularity predic-
tion. The precision for the overall matching experiment is
calculated on artist setd’” and A", irrespective of both
datet and location’:

‘A‘gf’fﬂAﬁT |AtwmAfm|
prec = W

Recallis defined as the percentageldst . f martists for
t and! that are also part of the artist set extracted from
Twi t t er messages dtfor [:

recy = r
m
|4
The definition of recallF'; -measure, and overlap updates cor-

_ ) ) o respondingly.
Fi-measures the weighted harmonic mean of precision and  The results of this overall matching experiment are given

recall[van Rijshergen, 1979 in the fourth column of Table 1. Please note that in the table
2 - prec- rec average performance values are given for day-to-day match-
F=— ing (averaged over all locations and dates) and city-tp-cit

prec +rec matching (averaged over all locations), whereas totalescor

are given for the overall comparison experiment. Hence, for
Overlapis defined as the number of artists occurring in bothday-to-day matching, average precision is calculated as
sources divided by the maximum number of artists retrieved

; fm
by either source (atfor 1): T ’Aifil} NA;,
prec=|T| " - |L| ZZT’
‘Aivf N Alm IEL teT ’At,l
overlap;; = : ) ) ) o
max (’A?i 7 A{T ) whereas for city-to-city matching average precision is@al
’ lated as
5
-1 ‘A?w N Alm‘
prec = |L| . Z W
Alleviating the very strict matching requirement of the leL !

day-to-day experiment, we further performedy-to-city L denotes the set of locations, whergadenotes the points
matching by aggregating allwi t t er posts retrieved for in time (days) for which information is available. The other
each city (regardless of the date) and comparing them to theerformance measures are calculated analogously.



Addressing the question if the quality of the popularity es-[Caseyet al,, 200§ Michael A. Casey, Remco Veltkamp,
timates is consistent over different cities, Figure 5 disice Masataka Goto, Marc Leman, Christophe Rhodes, and
individual precision and recall values for all agglomesat Malcolm Slaney. Content-Based Music Information Re-
for whichl ast . f mprovided corresponding data. The cities  trieval: Current Directions and Future Challengd2ro-
are sorted according to thi -measure. As it can be seen, ceedings of the IEEP6:668-696, April 2008.

the results vary strongly over different cities. The stadda [Celma, 2008 Oscar Celma. Music Recommendation and
?hewatlo“ of Ithe precision \ial(gjgz(grec = 0.0678, that of Discovery in the Long TailPhD thesis, Universitat Pom-
e recall values equadg.. = 0.2403. peu Fabra, Barcelona, Spain, 2008.

; [Chenget al, 201d Zhiyuan Cheng, James Caverlee, and
4 Conclusionsand O_Ut|00k ) ) ) Kyumin Lee. You Are Where You Tweet: A Content-
We presented an analysis of music-related microblogging Based Approach to Geo-Locating Twitter Users. In

activity around the world and a simple popularity measure prgc. of the 19th ACM Int'l Conference on Information

based on music artists’ term frequenciedis t t er posts. and Knowledge Management (CIKM)ct 2010.
Investigating the spatial distribution of music-relateatéts I[IEvans 201D Mark Evans Exploring

revealed a considerable dominance of Asian countries (i the . Use of Twitter  Around  the . World.

terms of absolute number of posts) and of South American http://blog.sysomos.com/2010/01/14/exploring-the-

countries (in terms of number of posts relative to the number 4 -
of inhabitants). Thdocation- and time-specific popularity ~ US€-Of-twitter-around-the-world (access: October 2010)

measurewas evaluated in various experiments on different 2010.

scales of granularity. On the level of individual days, tpe a [Few, 2007 Stephen Few. Visualizing Change: An Innova-
proach yielded modest precision and recall values, whereas tion in Time-Series Analysisvisual Business Intelligence
remarkable recall could be achieved when aggregating the Newsletter September 2007.

location-specific posts for all days under consideration. [Goker and Myrhaug, 2002Ayse Goker and Hans |
Future work will be centered around exploiting the fine- Myrhaug. User Context and Personalisation. Fro-
grained day-level rankings. They could be used, for exam- ceedings of the 6th European Conference on Case Based
ple, to illustrate changes in popularity around the worldr F Reasoning (ECCBR 2002): Workshop on Case Based
the application scenario of music chart prediction, thkfan ~ Reasoning and PersonalizationAberdeen, Scotland,
ings could be used to complement traditional music charts, September 2002.

as they are generally biased towards actual music sales a'Péraceet al, 2004 Julia Grace, Daniel Gruhl, Kevin Haas,

also neither available on the city level, nor for all cousdrin Meenakshi Nagarajan, Christine Robson, and Nachiketa
the world. We will also experiment with data from domains Sahoo. Artist Ranking 1I'hrough Analysis 0} On-line Com-
other than music. For example, we are currently investigat- munity'Comments. IProceedings of the 17th ACM Inter-

ing diff(_arent term weightin_g approaches to_predict_poptyar national World Wide Web Conference (WWW 20@&)-
of movies. Furthermore, it would also be interesting to ana- jing, China, April 21-25 2008.

lyze if certain popularity patterns can be clustered adogrd ) _ .
to properties such as country, continent, or language grou&‘]avaet al, 2007 Akshay Java, Xiaodan Song, Tim Finin,
Another direction for future work will be visualizing the de ~ @nd Belle Tseng. Why We Twitter: Understanding Mi-
rived popularity information. By applying time-series wis- croblogging Usage and Communities. fioceedings of
ization technique§Few, 2007, changes in popularity could WebKDD/SNA-KDD2007.

be appealingly illustrated, for example via popularity¢é®l  [Jon M. Kleinberg, 1999 Jon M. Kleinberg. Authoritative
Maps” [Phanet al,, 2004. Reconsidering our main research  Sources in a Hyperlinked Environmentlournal of the
focus on music information retrieval, artist popularityties ACM, 46(5), 1999.

mates on different geographical scopes and temporal poinfkazeniac, 2000 Andy Kazeniac. ~ Social Networks:
can help build personalized models of musical similarit§ an = Facebook Takes Over Top Spot, Twitter Climbs.

user preferences, which may ultimately yield to better per-  htp://blog.compete.com/2009/02/09/facebook-myspace
sonalized music services and applications, such as automat  yyitter-social-network (access: March 2010), 2009.

playlist generators and music recommender systems. [Kneeset al, 2007 Peter Knees, Tim Pohle, Markus Schedl
and Gerhard Widmer. A Music Search Engine Built upon

Ac_knO\M edgments _ _ Audio-based and Web-based Similarity Measurerin

This research is supported by the Austrian Science Funds ceedings of the 30th Annual International ACM SIGIR

(FWF): P22856-N23 and L511-N15. Conference on Research and Development in Information
Retrieval (SIGIR 2007Amsterdam, the Netherlands, July
References 23-272007.

[Aucouturier and Pachet, 20Ddean-Julien Aucouturier and [Koenigstein and Shavitt, 200Noam Koenigstein and Yu-
Francois Pachet. Scaling Up Music Playlist Generation. val Shavitt. Song Ranking Based on Piracy in Peer-to-Peer
In Proceedings of the IEEE International Conference on  Networks. InProceedings of the 10th International So-
Multimedia and Expo (ICME 2002pages 105-108, Lau- ciety for Music Information Retrieval Conference (ISMIR
sanne, Switzerland, August 2002. 2009) Kobe, Japan, October 2009.



Table 1: Summary of the experiments comparing t t er andl ast . f mpopularity rankings.

Property D2D C2C Overall

Avg. number of artists ifwi t t er posts 21.97 410.49 2,490
Avg. number of artists ith ast . f mcharts 37.49 79.94 1,534
Avg. precision orl ast . f mcharts (%) 11.16 12.70 51.68
Avg. recall onl ast . f mcharts (%) 6.36 51.80 83.90
Avg. F1-measure oh ast . f mcharts (%) 8.10 20.39 63.96

Avg. overlap betweeniwi t t er posts and ast . f mcharts (%) 4.43  11.05 51.68

[Kwak et al, 2010 Haewoon Kwak, Changhyun Lee, Ho- [Schedl, 20111 Markus SchedIMusic Data Mining chapter
sung Park, and Sue Moon. What is Twitter, A Social Net- Web- and Community-based Music Information Extrac-

work or a News Media? IRroc. of the 19th Int'l Confer- tion. Taylor-Frances/CRC, 2011.

ence on World Wide Web (WW\W&pr 2010. [Sharifiet al, 2014 Beaux Sharifi, Mark-Anthony Hutton,
[Lamere, 200B Paul Lamere. Social Tagging and Music  and Jugal Kalita. Summarizing Microblogs Automatically.

Information Retrieval. Journal of New Music Research: In Human Language Technologies: The 2010 Annual Con-

From Genres to Tags — Music Information Retrieval in the ference of the North American Chapter of the Association

Age of Social Tagging37(2):101-114, 2008. for Computational Linguistics (NAACL HLTJun 2010.

[Pachet and Roy, 2008 rangois Pachet and Pierre Roy. Hit [Teevaretal, 201] Jaime Teevan, Daniel Ramage, and
Song Science is Not Yet a Science.Rroceedings of the Meredith Ringel Morris. #TwitterSearch: A Comparison
9th International Conference on Music Information Re- of Microblog Search and Web Search. Rroc. of the 4th
trieval (ISMIR 2008) Philadelphia, PA, USA, September ~ ACM Int'| Conference on Web Search and Data Mining
2008. (WSDM) Hong Kong, China, Feb 2011.

[Pampalk and Goto, 2007Elias Pampalk and Masataka [van Rijsbergen, 1979C. J. van Rijshergernnformation Re-
Goto. MusicSun: A New Approach to Artist Recommen-  trieval. Butterworth-Heinemann, London, UK, 2nd edi-
dation. InProceedings of the 8th International Confer-  tion, 1979.
ence on Music Information Retrieval (ISMIR 200¥)-  [Zobel and Moffat, 2006 Justin Zobel and Alistair Moffat.
enna, Austria, September 23-27 2007. Inverted Files for Text Search EngineBCM Computing

[Phanet al, 2009 Doantam Phan, Ling Xiao, Ron Yeh, Pat ~ Surveys38:1-56, 2006.
Hanrahan, and Terry Winograd. Flow Map LayoutPlro-
ceedings of IEEE Information Visualization 2005 (InfoVis
2005) Minneapolis, Minnesota, USA, October 2005.

[Pohleet al, 2007 Tim Pohle, Peter Knees, Markus Schedl,
Elias Pampalk, and Gerhard Widmer. “Reinventing the
Wheel”: A Novel Approach to Music Player Interfaces.
IEEE Transactions on Multimedj&:567-575, 2007.

[Ripeanu, 200lL Matei Ripeanu. Peer-to-Peer Architecture
Case Study: Gnutella Network. Proceedings of IEEE
Peer-to-Peer Computin@001.

[Sakakiet al., 2010 Takeshi Sakaki, Makoto Okazaki, and
Yutaka Matsuo. Earthquake Shakes Twitter Users: Real-
Time Event Detection by Social Sensors. Rroc. of the
19th Int'l Conference on World Wide Web (WW\Xpr
2010.

[Schedlet al, 2010 Markus Sched|, Tim Pohle, Noam
Koenigstein, and Peter Knees. What's Hot? Estimating
Country-Specific Artist Popularity. IRroceedings of the
11th International Society for Music Information Retriéva
Conference (ISMIR 201pWVtrecht, the Netherlands, Au-
gust 2010.

[Schedl, 200B Markus Schedl. Automatically Extracting,
Analyzing, and Visualizing Information on Music Artists
from the World Wide WebPhD thesis, Johannes Kepler
University Linz, Linz, Austria, 2008.



Z 2inbi4

‘(auaatad Y106 < sisod Bu 1Ae [dwolguagquinu aAleal 1sabie] yum sanid

)

200

¥0'0

90°0

800

T0

cro

anyang
rotterdam
bogor
santoandr
funabashi
osasco
hachiji
santiago
sojosdoscampos
sorocaba
sagamihara
atlanta
amsterdam
cuautitinizcalli
sobernardodocampo
valencia
sanfrancisco
toluca
Ipezmateos
washington
sanjose
belfordroxo
maracay
baltimore
tlalnepantia
petare

chiba
chimalhuacn
aomen
campinas
zhunmen
leipzig
zhuhai

depok
naucalpan
tangerang
hamilton
guarulhos
shiongshui
xigong
saitama
higashisaka
bekasi

iingbu
shatian
yuanlong
kawasaki
detroit

ansan
nezahualcyotl
duquedecaxias
dsseldorf
dasmarias
sogonalo
puchn
novaiguau

shihng
fortworth
antipolo
philadelphia
surakarta
sngnam
lasvegas
birmingham
ecatepec
bandung
xianggangdao
shenzhen
quertaro
yogyakarta
glasgow
morelia
caracas
barcelona

T 2inBi4

‘(anuaatad Y106 < sisod Bu 1Ae [dwouglagquinu [e101 1sabre| yum sanip

newyork
bogor
anyang
bekasi
depok
tangerang
jakarta
london
valencia

rotterdam
sobernardodocampo
losangeles
sanfrancisco
campinas
sanjose
amsterdam
sojosdoscampos
santiago
saitama
chiba
kawasaki
thy
funabashi
yokohama
sagamihara
hachiji
sorocaba
atlanta
ecatepec
chimalhuacn
nezahualcyotl
Ipezmateos
naucalpan
mexicocity
cuautitinizcalli
tlalnepantla
toluca
maracay
chicago
baltimore
washington
houston
caracas
philadelphia
bandung
petare
detroit
toronto
hamilton
belfordroxo
novaiguau
sogonalo
riodejaneiro
duquedecaxias
jiulong
aomen
zhuhai
xigong
shatian
zhunmen
yuanlong
shenzhen
xianggangdao
leipzig
shiongshui
inchn

sul

suwn
koyang
sngnam
ansan
shihng
iingbu
puchn

0T X



¥ 24nbi4

‘(anuaaiad Y102 < sisod Bu 1Ae |[dwaegaguunu aAire|al 1sabie| Ylim sauno)d

netherlands
chile
unitedstatesofamerica
indonesia
venezuela

japan

jamaica

brazil

mexico
dominicanrepublic
unitedkingdom
koreasouth
belgium

germany
malaysia

spain

france

canada
philippines
unitedarabemirates
ireland

elsalvador
southafrica
colombia
australia
singapore

china
czechrepublic
thailand

paraguay

israel

greece

austria

italy

croatia

finland

tunisia

sweden

benin

100

200

€00

00

500

90°0

00

800

€ ainbi4

‘(nuaaltad Y10, < si1sod Bu 1Ae [dwoipaquinu e1ol 1sabie| Yylm saliuno)

brazil
unitedstatesofamerica
japan

indonesia

mexico

china

koreasouth
venezuela
netherlands

india

germany
unitedkingdom
canada

malaysia
philippines
southafrica

spain

colombia

chile
dominicanrepublic
australia

france

argentina

nigeria

singapore
unitedarabemirates
thailand

italy

tussia

belgium

turkey

jamaica

egypt

taiwan

peru

pakistan

ireland
saudiarabia

austria

0T X



‘ainseaw-'JAq palios

W J - 19 pareneas uoirewnss Airendod paseq- 18 11 myjeysieq ybuq) |esal pue (sreq 3iep) uoisidald

G ainbi4

quebec
merida
mexicali
sendai
genoa
niigata
guangzhou
shizuoka
naples

o N N

€0

S0

90

L0

80

— 0

belem
ankara
hiroshima
recife

saint
puebla
salvador
dresden
cracow
shanghai
zaragoza
tianjin
minsk
helsinki
ottawa
vienna
bursa
adelaide
rome
manaus
edmonton
turin

qt

goteborg
peking
sapporo
winnipeg
frankfurt
bremen
montreal
brasilia
barcelona
barcelona
calgary
tijuana
belo horizonte
stuttgart
dublin

porto alegre
madrid
sevilla
hamburg
nagoya
monterrey
milan
bogota
stockholm
warsaw
vancouver
munich
berlin
palermo
brussels
moscow
cologne
curitiba
glasgow
ufa

paris
sydne
melbourne
antalya
santiago
santiago
penza
toronto
birmingham
changsha
london
sao paulo
adana
chongging




