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A Study on the Performance Evaluation of Machine Learing for
Predicting the Number of Movie Audiences
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ABSTRACT

The accurate prediction of box office in the early stage is crucial for film industry to
make better managerial decision. With aims to improve the prediction performance, the
purpose of this paper is to evaluate the use of machine learning methods. We tested both
classification and regression based methods including k-NN, SVM and Random Forest.
We first evaluate input variables, which show that reputation-related information generated
during the first two-week period after release is significant. Prediction test results show
that regression based methods provides lower prediction error, and Random Forest
particularly outperforms other machine learning methods. Regression based method has
better prediction power when films have small box office earnings. On the other hand,
classification based method works better for predicting large box office earnings.
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8, 19, 23, 311, k= & (Diffusion Model) 2 ¥
E1 215 3] 7] (Vector Autoregression; VAR)$}
2o AAYE o= 28[24, 31, 32], Q1A A

(Artificial Neural Network; ANN)3} 28 717

o
A 7HA 8 B ES ZEah 53, F
< S 71 1A R 39 Rg v)et
1A RES &8e A7 SdstA 118
¥ Qtk(<Table 1> #%)
i 719k Z1AIE RS o] 83 AT
A5 A A FE AR dEste gald &
EWF(S, B P)E UFsEt] oSS 73

SFATHSG, 12, 18, 30, 34]. ol E9], Zhang et
al[34le A Fst A PR xS s}
of dF AN FE 67) HFE EFstdon,
Subramaniyaswamy et al.[30]2 7} & <3}
ROI(Return On Investment)E Y] 7H4] HF2
gejste] TFEY S A&tk 71 ATl
M= B 71 71 Asks Yo ANNIG, 18,
34], Decision Tree(DT)[6, 12, 18], Bayesian
Belief Network(BBN)[18], Random Forest(RF)
[12], Support Vector Machine (SVM)[12, 30]
55 &8k 53], Guo et al[12]2 #F-38l%
Fol R A5& 9t RF 71" o]&3}3
o DT, SVM, MLP(Multi-Layered Percep-
tron) 52 WHE¥ Hlaste] o5 Aol 5
kS A A &R T3 Subramaniyaswamy
et al[30]> W53t ROIS] 57 1= A
A 44 (Word-of-Mouth) 7 22 A =3 ¥

1 =3
nelFrozn BR AR s 2

TE
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oS ALY o nYdte Af v A5 A
=g 7ldiste Aol olH7] wiiel W5
THUTE S8 HFH FHEUFE ]
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(Table 1) Literature on Machine Learning Models

Depepdent Literature Method
variable
L oelen ecthzlﬁ[%& ANN(Artificial Neural Network), DT(Decision Tree)
Categorical Jhane et al [% A BBN(Bayesian Belief Network), ANN, DT, ANN
g g . RF(Random Forest), DT, SVM(Support Vector Machine),
Guo et al[12] MLP(Multi-Layered Perceptron), SVM
Subramaniyaswamy et al.[30] Y P ’
Bagging REPTree(Reduced Error Pruning Tree)
. Abel et al[1] . X
Numerical Kim et al[15] SVR, GPR(Gaussian Process Regression),
) k-NN(k-Nearest Neighbor)
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(Figure 1) Research Framework
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(Table 3) Correlation Analysis between Input Variables and Target Variable

Movie attributes and Num. of screens

Search volume of two lead actors

Actorl 0.6014764" actl_b_days7 -0.06282008
Actor2 0.6861844 actl_b_daysl14 -0.07325798
Director 0.6672405" actl_b_days21 -0.06759939
Distributor 0.3938774™ act2_b_days7 0.05834574
Producer 05976366 act?_b_daysl4 0.04775171
Importer -0.004866111 act2_b_days21 0.04714715
daysl4_scrnCnt 0.7585896" actl_day7 0.1526174"
daysl4_showCnt 0.7688824™ act?_day7 0.2111242™
daysl4_audiAcc 0.845056™ actl_dayl4 0.2553678™
days7_audiAcc 04722535 actZ2_dayl4 0.3325477™
days7_scrnCnt 0.2871365" actl_dayl 0.005992385
days7_showCnt 0.3151093™ act?_dayl 0.08952526
release_audiCnt 0.06506025
release_scrnCnt -0.01922876
release_show(Cnt 0.0005978781
significant code: **1%, *5%

FAu g0 st IHNEE e & vl A e Aow FRAEAT. ER7Iv 2y
kol 749 e F 1F L 2F7A ] 74 3771k 2o gk AukE <l AdsS vas)
A% (sum_day7, sum_dayl4)°] £} 2wl 2% Random Forest®] Ao $-53

)
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3.3 0= ds =4

yl 7k 71 A g

cross validations 4=3)
of g.oFate] AAIEHA
Forest Regressor, Random Forest Classifier,
SVM, k-NN Regressor <=0.2 o & A w7}

&

“

o,

A3}
A

t}. ol elol JHE A 7
_days21)¥} 7|8 2o
SAACE 9

Hase aoks

2EE o] &3t 10-fold
£ <Table 4>
3123} Random

(Table 4) Cross Validation Results

Regression Classification

Random Random

Sy Forest S Forest

Average | or | oo | 08249 | 08576
Accuracy

331 FARY 7t 7ASEe] dSAdw

<Table 5> 3|HEF 7]uke] F 714] 7|4
st 289l Random Forest Regressor$} k-
NN Regressor?] o|&AsS Hlwd Az
Random Forest Regressor?] <l
NN#} Blazste] wf-g- w2 454

MAPES®} MASEE S 2 paired t-test®
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EAJS i3 IO 6]Q3F B
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1e7 Predicted vs Actuals
—— Predicted Values
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0.75
0.50 * ’ \y 1
\ ; i\ A ’ 11y A R A |
0.25 N ‘J \J .-. \ A 3 Y 'V‘, \ VY D y R\ VAN \\ K7
0.00
0 25 50 75 100 125 150 175
(a) k-NN Regressor
1e7 Predicted vs Actuals
— Predicted Values
1.00 —— Actual Values
0.75 ! " \
0.50 ’ q
0.25
0.00
0 25 50 75 100 125 150 175

(b) Random Forest Regressor
(Figure 2) Predicted and Actual Values of Regression Models
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(Table 6) Confusion Matrix of Classification Models
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(Appendix)

(Appendix Table) Description of Variables

Movie attributes

and screening

Variables Description
actorl Average number of previous movie audiences of actorl
actor2 Average number of previous movie audiences of actor?
director Average number of previous movie audiences of director
distributor Average number of previous movie audiences of distributor
producer Average number of previous movie audiences of producer
importer Average number of previous movie audiences of importer

release_audiCnt
release_scrnCnt
release_showCnt
days7_scrnCnt
days7_showCnt
days7_audiAcc
daysl4_scrnCnt
daysl4_showCnt
daysl4_audiAcc
days21_ audiAcc

Number
Number
Number
Number
Number
Number
Number
Number
Number

Number

of audiences on the day of release
of screens on the day of release

of screenings on the day of release
of accumulated screens in 7 days

of accumulated screenings in 7 days
of accumulated audiences in 7 days
of accumulated screens in 14 days
of accumulated screenings in 14 days
of accumulated audiences in 14 days

of accumulated audiences in 21 days

Search
volume of two

lead actors

actl_sum_b_days7
actl_sum_b_daysl4
actl_sum_b_days21
actl_sum_day7
actl_sum_dayl4
act2_sum_b_days7
act2_sum_b_daysl4
act2_sum_b_days21
act2_sum_day’7
act2_sum_day14
actl_dayl
act2_dayl

Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume
Cumulated search volume

Cumulated search volume

of actorl for 7 days before release
of actorl for 14 days before release
of actorl for 21 days before release
of actorl for 7 days after release
of actorl for 14 days after release
of actor? for 7 days before release
of actor? for 14 days before release
of actor? for 21 days before release
of actor? for 7 days after release

of actor? for 14 days after release

Search volume of actorl on the day of release

Search volume of actor? on the day of release




A 2 & A

A7)
2018

20181 ~202011
) ok

Hi7]

19994

20014

20104

2001 ~ 2006
2010 ~ & A
Aok

(E-mail: jpraise@ewhain.net)
Sabsta MY (b
o]zl 2}t &kl Ml g o] B &4 8}
ool %, Wdlole] 24

(4Ah

(E-mail: dmin@ewha ackr)
Agdigtal abEetat (B
Agdigtal 4
Bl A
LG CNS
olstod 2t et A F et Faul
HHlo] g, %

J8l8k<s, Stochastic programming, A2 A] 2~ ¢l



