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Egdl= 19 13 Zdo] FE L= (Root node), WH xE=(Internal node), ¥

nd & (Terminal node)2 A E|o] it
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Twitter
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Mean # of song popularity —-0.5667*** | -0.6508***
Mean # of artist popularity —-0.3512*** | -0.3682***
Min # of song popularity —0.5599*** | —0.6429***
Min # of artist popularity —-0.3512*** | -0.3703***
Mean RT # of song
-0.4826*** | —0.3132***
popularity
Retweet
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Twitter + user | 0.63 | 0.64 | 0.61 | 0.55 |0.53 |0.52 | 048 |0.47

Twitter + user
0.64 |0.64 |0.62 [0.57 |0.55 |0.53 |0.5 0.47
+ RT

Twitter +
user+ RT + 0.71 1 0.71 |10.68 | 0.65 |0.63 |0.63 |0.61 |0.59

genre

Twitter+ user+
RT + genre+ 0.74 10.73 | 0.71 [0.67 |0.66 | 0.66 |0.63 |0.63

New

B 9. AR Bl wet &E 9ET R squared &

rlr
MN
-4
ol
el
)
2
B\

lo
ol
el
v
N
)
o~
N
_>|~1_“
Sy
A
o
ofl
ol
ol
o
H
N
=

o

=)
o

L5}
2
D
rr
L

o2 Heoltl, Retweetd 7

o
i)
Ko
r
H
ne,
lo,
R
rx
o
N
)
e
el
o
)
®)
(@]

]

a

o} days after release®] 542 5o B2 = FAth AMEA AA

New features= Fofl Zdo] Ho}p HosiHa= & 4+ AUt obxw &

4% A8 g1 EES] EYRL 489S BE Aol 04302
A 25EE ¢ 4+ Yk olF HPOR A2 featuredt EFETS
g BN B A5 st Bt ARE 1Y 187 2ot

47




0.6
0.5
0.4
0.3
0.2
0.1
0
Twitter Twitter +  Twitter +
New New(genre)

19 18. ESEH EAY AEL E4 IE 95 3E:
(R squared)

ESIED Az A 54E 47 A8 Uk 8% WE 4% ¥

°F 0.439] H|Z:SE R squaredE HAH 97|14 EQHO 541 M= A

T 540l AR B BAE LA FAs] Astel F 54 wEo

9L FYAS 0 0512 45oHe A B 4 Atk Heb Az

48

ol
T+ HAR, 27 BE2 Td7te] HlolHE ARSSIAAIE, & 39 5

HH
}t
2

Al



7 %

P
39,
R

0.8

0.75

0.7
—day3
0.65 - o~

\\ —day 5
0.6 -
\ day 7

0.55

0.5
1 2 3 4 5 6 7 8

3™ 19. A8 dolHY 4 Fo BE F AFE (R squared)

49



AS5FEE

stttk olE sl EXH O #nowplayingE Si4HILE o]-&sto] Sof H
A FHE FAstACH AEAE ES A 49} HEHo]HE o]-85}o
A& T5-& Crowds @ Broadcasters & 1522 U+t

Aol 459 Song popularitye} LHE ojete] 4@ PAE 24T
At TEo], =29} Artist popularity A F T1Fo] ojwet o]t

42 AL QEAS etk ES W) o A Azke] £ 1F

(o]
o,
o)
A
%
rek
r <|
=
ox
filo
jur}
)
ofl
o
fr
N
>,
oo
)
I
il
=
A
i)
T oo
r
a
=
c
a
L
2

50



3

S

s

=

5]

7HA]
A5

=

=

el Hl
Ef
LE

[e}

1)

Ho
(s}

B
otE]

g

A8 1

217} g
=
o}
o}
=

=]
=

o] t}

to] AL 1Fo] EdEY] wat ojmd &
g 2o

| dojuyict. MIREOoFo|A A

0

| ofola=

<

E

[e)

ES
=

A=
rohiaz] atgiet.

=]
=

molaE B

=

=

o] 9]
2]

(¢}

G|

S

_ﬁ
2 elopr} gt
e 2

al

8
o

1

1
ol

kel

A 24
gt
A

RS

o

<
N

ol

Ao Tm

2ol A8 %

2~
T

o

[e]

]

o)

HE

%

T o]y

-

o

o o

Efj 2

[e}

Gl

S

3

8

Ao} got
51

¢}

A

-

St

<)

s ESI8 A

O]

A7)

A 34
2 a7 5



671de] EQH e sl &9 dSol A&t HlolE = 2400710
o]+ Machine Learning®l| 4] 8F55lal HIAEE d17]qll E&3SE dlog o] &=

B & 4 ok webd Aol mebd AqA BAE yelss B2

o
olerte digos SaHt ol ESE0A A3 A4 dolgs} of
d obF QREo dolHute AT RoE, ofn] WHE] SAHeI e
o6l AHgaly] WRe] EgIE Agate] A4 gof AH AWefot WHE
2919 AL Bokhy] Hrke EgE AGAEY WRE 290 oja

2] &<! Support Vector Regression2 o]0

al
& 540l FatA e ofeRr A9 o9 4% E2 AR5

52



A1 £

rl

[1] A. Oulasvirta, E. Lehtonen, E. Kurvinen, and M. Raento. Making the
ordinary visible in microblogs. Personal Ubiquitous Comput., 14(3):237 -

249, Apr. 2010.

[2] Asur, Sitaram, and Bernardo A. Huberman. "Predicting the future with
social media." Web Intelligence and Intelligent Agent Technology (WI-IAT),

2010 IEEE/WIC/ACM International Conference on. Vol. 1. IEEE, 2010.

[3] Benslimane, Djamal, Schahram Dustdar, and Amit Sheth. "Services

Mashups.” The New Generation of Web Applications (2008): 13-15.

[4] Bhattacharjee, Sudip, et al. "Using P2P sharing activity to improve
business decision making: proof of concept for estimating product life—

cycle." Electronic Commerce Research and Applications 4.1 (2005): 14-20.

[5] B. Jansen, M. Zhang, K. Sobel, and A. Chowdury. Twitter power:
Tweets as electronic word of mouth. Journal of the American Society for

Information Science and Technology, 2009.

[6] Boyd, Danah, Scott Golder, and Gilad Lotan. "Tweet, tweet, retweet:

53

A2t &



Conversational aspects of retweeting on twitter." System Sciences (HICSS),

2010 43rd Hawalii International Conference on. IEEE, 2010.

[7] B. Sharifi, M.—A. Hutton, and J. Kalita. Summarizing Microblogs

Automatically. In Proceedings of NAACL HLT, June 2010

[8] Cunha, Evandro, et al. "Analyzing the dynamic evolution of hashtags on
twitter: a language—based approach.” Proceedings of the Workshop on

Languages in Social Media. Association for Computational Linguistics, 2011.

[9] David A. Freedman, Statistical Models: Theory and Practice, Cambridge

University Press (2005)

[10] Dewan, Sanjeev, and Jui Ramaprasad. "Chicken and Egg? Interplay

between Music Blog Buzz and album Sales." PACIS. 20009.

[11] Dhanaraj, R. and Logan, B. Automatic Prediction of Hit Songs, Proc.

of Ismir 2005, London, UK

[12] Friedl, Mark A., and Carla E. Brodley. "Decision tree classification of
land cover from remotely sensed data." Remote sensing of environment 61.3

(1997): 399-4009.

54

A2t &



[13] Granger, Clive WJ. 'Investigating causal relations by econometric
models and cross—spectral methods." Econometrica: Journal of the

Econometric Society(1969): 424-438,

[14] Gayo—Avello, Daniel. "No, you cannot predict elections with

twitter." Internet Computing, IEEE 16.6 (2012): 91-94.

[15] Glasgow, Kimberly, and Clayton Fink. "Hashtag lifespan and social
networks during the london riots." Social Computing, Behavioral-Cultural

Modeling and Prediction. Springer Berlin Heidelberg, 2013. 311-320.

[16] Hauger, David, and Markus Schedl. "Exploring Geospatial Music
Listening Patterns in Microblog Data." Proceedings of the 10th International
Workshop on Adaptive Multimedia Retrieval (AMR), Copenhagen,

Denmark. 2012.

[17] Hauger, David, et al. "The Million Musical Tweets Dataset: What Can

We Learn From Microblogs." Proceedings of the 14th International Society

for Music Information Retrieval Conterence (ISMIR), Curitiba, Brazil. 2013.

55



[18] J. Teevan, D. Ramage, and M. R. Morris. #TwitterSearch: A
Comparison of Microblog Search and Web Search. In Proceedings of the 4th
ACM International Conference on Web Search and Data Mining (WSDM’

11), Hong Kong, China, Feb 2011.

[19] Kerstin Bischoff, Claudiu S. Firan, Mihai Georgescu, Wolfgang Nejdl,

and Raluca Paiu  Social Knowledge—Driven Music Hit Prediction

[21] Kwak, Haewoon, et al. "What is Twitter, a social network or a news
media?." Proceedings of the 19th international conference on World wide

web. ACM, 2010.

[22] Luo, Zhunchen, et al. "Who will retweet me?: finding retweeters in
twitter." Proceedings of the 36th international ACM SIGIR conference on

Research and development in information retrieval. ACM, 2013.

[23] Ma, Zongyang, Aixin Sun, and Gao Cong. "Will this# hashtag be
popular tomorrow?." Proceedings of the 35th international ACM SIGIR
conference on Research and development in information retrieval. ACM,

2012.

[24] Marvell, T.B., C. E. Moody. 1996. Specification Problems, Police Levels,

56

A2t &



and Crime Rates. Criminology 34(4) 609-646

[25] Metaxas, Panagiotis Takis, Eni Mustafaraj, and Daniel Gayo—Avello.
"How (not) to predict elections.” Privacy, security, risk and trust (PASSAT),

2011 IEEE third international conference on and 2011 IEEE third

international conference on social computing (SocialCom). IEEE, 2011.

[26] M. J. Paul and M. Dredze. You Are What You Tweet : Analyzing
Twitter for Public Health. Artificial Intelligence, pages 265-272, 2011.

Conference on World Wide Web (WWW 2010), May 2010.

[27] M. Schedl and D. Hauger. Mining Microblogs to Infer Music Artist
Similarity and Cultural Listening Patterns. In Proceedings of the 2lst
International World Wide Web Conference (WWW 2012): 4th International
Workshop on Advances in Music Information Research: “The Web of

Music” (AdMIRe 2012), Lyon, France, 2012

[28 Pachet, F. and Roy, P. (2008) Hit Song Science is Not Yet a Science.

Proceedings of Ismir 2008, pages 355-360, Philadelphia, USA

[29] [25] Pachet, F. (2011) Hit Song Science. [1]In Tao, Tzanetakis &

Ogihara, editor, Music Data Mining, CRC Press/Chapman Hall

57

_,ﬂ ‘~._ 1_'_” 8l



[30] T. Sakaki, M. Okazaki, and Y. Matsuo. Earthquake Shakes Twitter
Users: Real— Time Event Detection by Social Sensors. In Proceedings of the

19th International

[31] Weerkamp, Wouter, Manos Tsagkias, and Maarten de Rijke. "Inside
the world's playlist." Proceedings of the 22nd ACM international conference

on Conference on information & knowledge management. ACM, 2013.

[32] Robert E. Vossen Does Chatter Matter? Predicting Music Sales with

Social Media

[33] T. Sakaki, M. Okazaki, and Y. Matsuo. Earthquake Shakes Twitter
Users: Real- Time Event Detection by Social Sensors. In Proceedings of the

19th International

[34] Tumasjan, Andranik, et al. "Predicting Elections with Twitter: What
140 Characters Reveal about Political Sentiment." ICWSM 10 (2010): 178-

185.

[35] Twitter Inc., Twitter API Documentation

https://dev.twitter.com/docs

[36] Sakaki, Takeshi, Makoto Okazaki, and Yutaka Matsuo. "Earthquake

58



shakes  Twitter  users: real-time event detection by  social
sensors.” Proceedings of the 19th international conference on World wide

web. ACM, 2010.

[37] Schedl, Markus, and David Hauger. "Mining microblogs to infer music
artist similarity and cultural listening patterns.” Proceedings of the 21st

international conterence companion on World Wide Web. ACM, 2012.

[38] Schedl, Markus. "Leveraging microblogs for spatiotemporal music
information retrieval." Advances in Information Retrieval. Springer Berlin

Heidelberg, 2013. 796-799.

[39] Shao, Bo, et al. "Music recommendation based on acoustic features and
user access patterns.” Audio, Speech, and Language Processing, IEEE

Transactions on 17.8 (2009): 1602-1611.
[40] Suh, B.; Hong, L.; Pirolli, P.; and Chi, E. H. 2010. Want to be
retweeted? Large scale analytics on factors impact— ing retweet in twitter

network. In Social Computing (So— cialCom), 2010 IEEE Second

International Conference on, 177 —184. IEEE.

59

A2t &



[41] S. Wu, J. M. Hofman, W. A. Mason, and D. J. Watts. Who Says What
to Whom on Twitter. In Proceedings of the 20th International Conference
on World Wide Web (WWW 2011), pages 705—714, New York, NY, USA,

2011. ACM.

[42] Zhao, Dejin, and Mary Beth Rosson. "How and why people Twitter:
the role that micro—blogging plays in informal communication at
work." Proceedings of the ACM 2009 international conference on

Supporting group work. ACM, 2009.

[43] 388, “Social Network Service®] Data 9F AFE 3t Platform

AA", AASHIER, Agistn iope, 2012

60



Abstract

Crowds vs. Broadcasters:
Predicting Billboard Rank Using
Characteristic of Music
Listening Behavior in Twitter

Kim Ye-Kyung
Department of Digital Contents Convergence

The Graduate School

Seoul National University

As distribution and consumption platforms of music change from offline to
online, music streaming services like Spotify, Last.fm achieve a success in
online and log their users’ music consumption history. Music consumption
log gives us the chance to understand listening behavior of users.

However, there are many services for the music streaming, only Last.fm
provides music listening log with their public API. Since the bulk of music
data related to users on such online music service is hard to access for
general purpose, the source of information about music listening log in MIR
area is limited.

In this paper, we extracted Tweets about real-time music listening history
posted with hashtag #nowplaying, #np and classify two user groups by their

description. To understand the characteristic of music listening behavior in
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Twitter about general music trend, we observe the relationship between
music listening count and Billboard rank each user groups focusing on genre
of music, artist popularity, and days after release. In addition, we propose
the feature based on their characteristic and predict the success of
Billboard music before two weeks using features of each user group

The different characteristic obtained from classified user group could be
used in the social advertisement and inform the improvement of the
performance of music hit prediction. Also it gives us the opportunities to
understand music consumption patterns of various user groups. We wished
to our research crossing the music to Twitter held new possibilities in MIR

research area.

Keywords : Social Media Mining, Music Listening behavior,
Twitter, Rank Predction.

Student Number : 2013-22403
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