KIPS Tr. Software and Data Eng.
Vol.3, No.7 pp.263~270 pISSN: 2287-5905

PIHE O0l8%t JIAEE 7IHtol Satsd o= 263
http://dx.doi.org/10.3745/KTSDE.2014.3.7.263

Predicting Movie Success based on Machine Learning Using Twitter

Junyeob Yim' - Byung-Yeon Hwang™

ABSTRACT

This paper suggests a method for predicting a box-office success of the film. Lately, as the growth of the film industry, a variety
of studies for the prediction of market demand is being performed. The product life cycle of film is relatively short cultural goods.
Therefore, in order to produce stable profits, marketing costs before opening as well as the number of screen after opening need a
plan. To fulfill this plan, the demand for the product and the calculation of economic profit scale should be preceded. The cases of
existing researches, as a variable for predicting, primarily use the factors of competition of the market or the properties of the film.
However, the proportion of the potential audiences who purchase the goods is relatively insufficient. Therefore, in this paper, in order
to consider people’s perception of a movie, Twitter was utilized as one of the survey samples. The existing variables and the
information extracted from Twitter are defined as off-line and on-line element, and applied those two elements in machine learning by
combining. Through the experiment, the proposed predictive techniques are validated, and the results of the experiment predicted the
chance of successful film with about 95% of accuracy.

Keywords : SNS, Twitter, Machine Learning, Predicting Movie Success
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<Machine learning>

Classifier
Data set - .
Naive Bayesian
Instance Learner
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Fig. 1. The organization of predicting movie success model
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Table 1. An example of the instance
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Online element Offline element
Movie title Screening | Running Rated lisletizs
. tweets

grade time portal ratio

(Age) | (Minute) (Score) %)

Snowpiercer | 15 over 125 799 0.12

Gravity 12 over 90 8.28 0.14
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Table 2. Categorization of the number of spectator
Section The number of spectator
1 less than 500,000
2 500,000~ 1,000,000
3 1,000,000~ 3,000,000
4 3,000,000~5,000,000
5 more than 5,000,000
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The number of spectator during a week after release : : : : : ] 85.0 Prediction
30 0 50 €0 70 80 op accuracy(%)
Fig. 4. Prediction accuracy by attributes
2 43 Agxs Bynh o= [1014A" 98t & ESls A £4s8k= Aol 7MY =2 AFgRE welda
do e BEP BASY P 54 98E & A & du
sht 2o AHgEe] Axstn YEAsh Aol Yok A shetom ekel anel waoliol dha) Heole A%
oz A }ohg Al % Auue) Aolg HoltA| o]
tgor 7]Ee] dgEd v B =EolA AAE o s A3E APk AFES HAE ol APl ol &
2 mdo] o= YO FHE PP BPLA dopugt & F Y FY AWz OAE 1044 FReGw, 2
t}. Fig. 5% 28 849 Xgoifel o F35E A 2] HlE&S ayste] FAS R FEET AY A
W o A3Est debd 5 e UEhd Zelth & Fig 63 28 Fol2 warth $4 Ax€xe A5t HE
AT 22 845 AAT A MLy e 1 AFele dF A= W =3tk ol tolH Ho]A
Fd Fo o FoA= A7t 733%9 883%9 AIgEE H S E/717F wlolEel 71wkgk &5 S Agstr] wEel
A, el X ATolA Ak edkel R4E TG oh mebd F 4 A%E vusidu AAH Fog A
B A7 183%%F B%E T AFAA B e P Huotof gt} 7|E oivkge] Aol A Y 22l .4 s
of Atk ol ¥ FTAE AT W 2l 24 E HAS L o 5E @ ARRvhs 2 84E o] §5tY o
s urh e AHER 932 F9F S Ake 2 2 @ A AAMeR o Be A% 4REE AN
& Juidth = G5 A% 15D T A5 FIT F AL $AT S Yok E=D L) R4 TID S 7
G BRA Foll A £Ao] FrhEoEA A #AAEY B2 dlolE AlolAU™ 60719 dlelEeA 95%e] o=
Astel oigh Falo]l Epeldel wigdE Ao AT & AEEE Atk wEkA o] B =RelA AAEE 3
otk weEbd ekl 84E et iE 15U Ty o5 BB HF AR Gk
Prediction Prediction
accuracy|%) sccuracy(%) 10000 10000 10000
95.0 100
1oo 583 . \
o8 S, 97.50
80 KT -7
96 * 9500
Ay
60 v NgL.00
94 >
N\
82.00
40 92 3
\\
20 % N gs.33
0 ; | B :
Without online element With online element 5
84 ! | | ! |

O Predicting on release date

Predicting after 1 week from release date

Fig. 5. Comparison of prediction accuracy

1
The number of
test data

20 30 40 50 B0

— — —without online element with online element

Fig. 6. Prediction accuracy by the number of data



2 2 0 v g > O
ox

o (2 Hr v o M
=
% ol

=)
=

(1

(2]

(3]

(4]

(5]

(6]

d3 7ld=s B4

)

T3 45 &3
W (Neural Network) w43} 28 WS Fa) 7
Zolt}, ol&
ﬁPﬂ‘% AAGGH Hrp =& 43 A
2 7lgEct o9} &0l AHers)
[ZH e e A9t
A8k 35 7bh of k. whekA olel digt
o Aol npARto w2 Ao gl
o2 oy} ool Jsle] 7§
< 483 wkdeA] X3Pt webA] ojgf ¥
Jetw gofol g ot}

ol
-

B =2 e fo
2 O

10
=
Mokl o2 2 N orlo Ay mo ox

o
=

i

oflt

fuj

o

ol g
ox, e
Ol
H =

Y
=
[}

r
e poh
o

E)

Reference

L. Barbosa and J. Feng, “Robust Sentiment Detection on
Twitter from Biased and Noisy Data,” Proc. of the 23rd
International Conference on Computational Linguistics,
pp.36-44, 2010.

Statistic Brain (2014, Jan. 01), Twitter Statistics [Onlinel.
Available : http://www.statistichrain.com/twitter—statistics/
E.-M. Kim, “The Determinants of Motion Picture Box Office
Performance: Evidence from Movies Exhibited in Korea,”
Korean Journal of Journalism & Communication Studies,
Vol.47, No.2, pp.190-220, 2003.

J. Bollen, H. Mao, and X. Zeng, “Twitter Mood Predicts the
Stock Market,” Journal of Computational Science, Vol.2, No.1,
pp.1-8, 2011.

M. Pennacchiotti and A.-M. Popescu, “A Machine Learning
Approach to Twitter User Classification,” Proc. of the Fifth
International AAAI Conference on Weblogs and Social
Media, pp.281-288, 2011.

E. T. K. Sang and J. Bos, “Predicting the 2011 Dutch Senate
Election Results with Twitter,” Proc. of the SASN/the EACL
Workshop on Semantic Analysis
pp.53-60, 2012.

in Social Network,

EQIHE 018 7IASE 718t

oot

& ol

It

o33t 269

[71 A. Tumasjan, T. O. Sprenger, P. G. Sandner, and I. M. Welpe,
“Predicting Election with Twitter: What 140 Characters
Reveal about Political Sentiment,” Proc. of the Fourth
International AAAI Conference on Weblogs and Social
Media, pp.178-185, 2010.

[8] S. Albert, “Movie Stars and the Distribution of Financially
Successful Films in the Motion Picture Industry,” Journal of
Cultural Economics, Vol.22, No.4, pp.249-270, 1998.

[9] N. Terry, J. W. Cooley, and M. Zachary, “The Determinants
of Foreign Box Office Revenue for English Language

Journal of International Business and Cultural
Studies, Vol.2, No.1, pp.1-12, 2010.

[10] Y. Liu, “Word of Mouth for Movies: Its Dynamics and Impact
on Box Office Revenue,” Journal of Marketing, Vol.70, No.3,
pp.74-89, 2006.

[11] S.-Y. Park, “Influence of the Word-of-Mouth Effect through

Movies,”

SNS on the Movie Performance-Focused on the Case of
<Sunny>-,”
Vol.12, No.7, pp.40-53, 2012.

[12] Y. H. Kim, J. H. Hong, “A Study for the Development of
Motion Picture Box-office Prediction Model,” Communications
of the Korean Statistical Society, Vol.18, No.6, pp.859-869,
2011.

[13] J. Yim, B.-Y. Hwang, “An Analysis of Correlation between
Movie Attendance and Related Tweets for Predicting Box

Journal of the Korea Contents Association,

Office,” Proc. of the 40th Korea Information Processing
Society Fall Conference, Vol.20, No.2, 2013.

[14] G. Lee, U. Jang, “Predicting Financial Success of a Movie
Using Bayesian Choice Model,” Proc. of the KIIE/KORMS
Spring Conference, pp.1428-1433, 2006.

[15] I H. Witten, E. Frank, and M. A. Hall, Data Mining: Practical
Machine Learning Tools and Techniques, 3rd Ed., pp.85-99,
Morgan Kaufmann Series in Data Management Systems,
2011.

[16] NAVER (2013, Nov. 27), Naver Movie [Online]. Available:
http://movie.naver.com/

[17] Twitter (2012, Sep. 24), The Streaming APIs|Twitter
Developers [Onlinel. Available:
https://dev.twitter.com/docs/streaming -apis

[18] Korean Film Council (2013, Nov. 27), KOFIC Cinema Tickets

[Online].  Available:

Integrated  Computer  Network

http://www kobis.or.kr/



210 ZEMEIGS=2X/AZER0 R HIOIH S M3T M7=(2014. 7)

"?“ﬂ

o] = of
2l &

e-mail : junyeobl205@naver.com

20139 7HEY ek 2 E FIHEAD

013d~8 A JHEustn AFE L

3 4134
P4 ok 2AYES AR, Po o]

glolgutold, 1A

>

i

g # o
e-mail : byhwang@catholic.ac kr
19861 A& uigtu 7 FH 3 (AN
19894 KAIST 4+8t (414}
19949 KAIST A Akekaf(dka})
1994d~d A 7HEYdida AFHAR

1999 ~20008d (35) PVl AEbo) ool ol

o
=

2007 ~2008 (3£) AP EYolrHjeul HFus
AAFEof: AHAMEYIEA XML dHoleHlo]x AR

dlolElwol i, A2 4w A el



