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[Abstract]

Box-office prediction is important to movie stakeholders. It is necessary to accurately predict box-office
and select important variables. In this paper, we propose a multivariate time series classification and
important variable selection method to improve accuracy of predicting the box-office. As a research method,
we collected daily data from KOBIS and NAVER for South Korean movies, selected important variables
using Random Forest and predicted multivariate time series using Deep Learning. Based on the Korean
screen quota system, Deep Learning was used to compare the accuracy of box-office predictions on the 73
day from movie release with the important variables and entire variables, and the results was tested whether
they are statistically significant. As a Deep Leamning model, Multi-Layer Perceptron, Fully Convolutional
Neural Networks, and Residual Network were used. Among the Deep Learning models, the model using
important variables and Residual Network had the highest prediction accuracy at 93%.

» Key words: Box-office Prediction, Feature Selection, Multivariate Time Series Classification,
Random Forest, Deep Learning, Multi-Layer Perceptron, Fully Convolutional Neural Networks,
Residual Network
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I. Introduction
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II. Preliminaries
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2. Method theory
2.1 Multi-Layer Perceptron

X=[x.x2%...x", Xx'eRT i=1..M (1

~

tlol8 & daidol A& o fA] 13} o] FiHs

M-AHA oA AAIE HE] FEi2 dEt X&= s

o] A4 Ho|f NEE QJustal M79] =34 HE =

FEofolet WA SYWL X7 W5 FEf dloE

Q4 742 -3t 134 ¥lEj(one-hot encoding vector) =2

AL X7 A& Alg e HlojHY HL Wil
o

&
[e]
2 AAY3Y(scaling)sto] YT,

(XY (Xy YL = 1N (2)
241 2% diﬂ N7je] #4 dole HlES X9t vl
2 el X A 0 ol A

Eo 5%%4 e BT Uen Ve 54052
Iy

fL(eLv x):fL—1(eL—pr—Q(eL—zv---vfl(91 z))) (3)

AT 24 32} Zo] g HEAl0l L ot 53
polo] £ BRS¢ 4F a0l M8 Y T2
oh. L2 A7Yel 9] 70|12 Uepdct

w, oF EPHa X, Hel(bias) b2 HIHY
R(z)=max(0,2), z=w*X+b, i=1,....L (5

2 Ao e 2852 ALt 2 ol 8" A
S (Rectified Linear Unit, ReLU)S &4 =2 AL
sl91a 4] 59} 7t

eAL,l*wj+ b;

K . '
Z eAL—l' wy,+ by,
k=1

V() = JIN[LE]  (6)

24 62 ATEMA(softman) F40Ick & K7Re) wZo]

o
0
5]
.
e
=)
Q
.
o
2
<=
ox
1o
e
L‘
ﬁ—4
oA
ol
I:I
ot
e
>
o oo
1
rr
rp-

o
)
>
il
o
for
0
3_

K N
LX) =— 3 Vlog?, J(2)=— ¥ L L(X
j=1 n =
) 7} 720] Dl o]} AlEOIA S X T
FAALS 27671 Yol K71 ®4of tisl WAt AE
ENg 25 AXE 3 oo} 243 L(X)E AL
JHEL the] SBoletd v, Al o] Tt -
gr 159 o]l A &1 HlojEo] &4 A B Qlsh
241 201x10] AA] 22 Holel AlE Doj Tel vl
(cost function)®= A4Sttt vl88ke= StGE 7154l
o] Ag 0] tish n®A] Hlol8] MES = % H“E1 A
& X, 9 SARE L(X,)9 H J(2)&
LA 88 At s (Gradient Descent)% E35) 44
o] 7FeRlE Aet. A s Al 7oA Al %
A 22 dol8 AlE0] Bl834 5 44 8af Zo
A=Y AY 29 3t 7E5A] woll Hish Hol? =,
(learning rate) aS 33t U 71&0] AL 715
o W Az 1A w,,, 2 At Yol

uol‘
_E
2
r°l‘
L‘

N l'°
N
oo rx _|>*

_J9,L‘ =
ﬂ)

w

Hi

1[19]a} Zo] AM¥tAlo g
oﬂ TEXOZ XMeEc}

M
dn
i
()
o
0
i)
ol
m
HJ"‘

softmax

Dimension

e [Ny
u"ﬁ;' v( 1y = | v
e \ L W7 | )| probabiiey
2 v nson [
— X [oim ) > Distribution
M ”A/ ‘ Yot L over K Classes
Y
P, h¢
” / ’/‘\‘ /
TNW SNES \/\ WMy /\/\,/:‘/ (O
Wl,,/ V > Time y\/w‘ N
V! \me Leﬂc( ) mput /Vj/ e output
o Al

_— ayer hldden hidden
layer1 h\dden layer3
layer

# of Movie

Fig . g™

A Unified Deep Learning Framework
for Time Series Classification



Movie Box-office Prediction using Deep Learning and Feature Selection :

Focusing on Multivariate Time Series 39

2.2 Fully Convolutional Neural Networks
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for Multivariate Time Series Classification

2.3 Residual Network
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III. Data collection and preprocessing
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Table 1. Model flow chart

Table 2. 10 million audience korean movie list

3-1.Data Collection . Days
KOBIS data el B U (from r:Iease)

| 2005 Movie 1 66
3-2.Preprocessing 2 2003 Movie 2 58
Time Series Length(Screen Quota) 3 2019 Movie 3 53
& NAVER Data, KOBIS Data : : : :
3-3.Featurel Extraction 25 2018 Movie 25 14
Categorical Data Handling 26 2014 Movie 26 12
! 27 2019 Movie 27 11

3-4.Feature Scaling Average 30.667
Standardization Max 66

|
3-5.Important Variable Selection
step 1. Random Forest
step 2. Only 8 / All
|
4-1.Hyperparameter Setting
step 1. Model
step 2. Optimization
|
4-2 Experimental results
Accuracy / Precision / Recall / F1-score
|
4-3.Statistical Test
Hypothesis Test / Confidence Interval
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Table 3. Feature

Num Characteristic Variable Description Scale
Date Date Time Axis
1 Day Day of Date {Sun, Mon, ..., Fri, Sat}
2 1. Time & Holiday Holiday of Date {No, Yes}
3 Environment ReleaseDate Movie Release {No, Yes}
4 FixReleaseMonth Month of ReleaseDate {Jan, Feb, ..., Nov, Dec}
5 FixReleaseSeason Season of ReleaseDate {Spring, ..., Winter}
CumAud Cumulative audience per day [0, o)
6 AudIncDec Audience increase/decrease (-0, ©0)
7 Sales Daily Movie Ticket Sales [0, o)
8 SalesIncDec Sales increase/decrease (-co, o0)
9 SalesShare Daily Movie Ticket Sales Share [0, 1]
10 ReleaseMovieNum # of movies released per day [0, o)
11 ShowMovieNum # of movies showed per day [0, o)
12 MovieTotalShow Tot:.al # of s.how.ings for the [0, o)
movie in chain cinema (daily)
13 | 2. Competitive AllTotalShow Total # of showings for all [0, )
factors for film movies in chain cinema (daily)
14 | stakeholders MovieTotalShowRatio Showing share of the movie [0, 1]
in the chain cinema (daily)
15 MovieTotalScreen Tot.al .# of screens for thg [0, o)
movie in chain cinema (daily)
16 AllTotalScreen Tgtal .# of §cre§ns for aII. [0, o)
movies in chain cinema (daily)
17 MovieTotalScreenRatio Screen sha.re .Of the moyle n [0, 1]
the chain cinema (daily)
18 SeatSalesRatio Daily seat sales rate [0, o)
19 SeatShare Daily seat share [0, 1]
20 Seat Seats per day [0, o)
FixMovieName Movie Name Total 231
21 FixNation Representative Nationality {South Korea, USA}
22 FixRating Viewing Rating {All, U12, U15, U18}
23 - FixProducerScore Replaced Producer Score [0, )
24 3. Mowe§ own FixPublisherScore Replaced Publisher Score [0, o)
characteristics — -
25 FixDirectorScore Replaced Director Score [0, o)
26 FixActorScore Replaced Actor Score [0, o)
27 FixFormat Showing Type {Film, 2D, 3D, 4D}
28 FixShowTime Showing Time(seconds) [0, o)
29 NaverNtzStarpts Netizen’s Star Points [1, 10]
30 NaverNtzNum # of Netizens [0, o)
31 NaverNtzPosNum # of Positive Netizens [0, o)
32 4., eWOM NaverNtzNegNum # of Negative Netizens [0, o)
33 NaverReviewNum # of Reviews [0, o)
34 NaverBlogNum # of Blogs [0, o)
35 NaverNewsNum # of News [0, o)
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Fig. 5. Movie A’s Multivariate Time Series
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Table 4. Movie number (1 million class interval)

Class interval

> : Movie number
(Cumulative audience) ovie numbe

10 + 8
9 ~10 2
8~9 0
7~8 8
6 ~7 7
5~6 7
4 ~5 7
3~4 13
2~3 26
1~2 40
0~1 113
Sum 231

s ogsjo] Hn 58 7]&Ql 1,0009S 71Eo®,
7009k, 5008k 3009te Al 7IECR HRstsiial
Table 59} Zto] Wix=2 717} A B, C, D, E2 3}%ich

Table 5. Categorization of 231 movies (day 73)

Class interval Class Movie
(Cumulative audience) number

10 + A 8

7 ~ 10 B 10

5~7 C 14

3~5 D 20

0~3 E 179

Sum 231

4. Feature Scaling

&% o)y 5 d49 Hol8+= ®E2KStandardi-
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5. Important Variable Selection
Table 33} 0] 3579] SUWRE ALgslein &
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Table 601] Aa)stact.

=2 ABA

Table 6. Pearson correlation (|ry,|=0.8)

Feature 1 Feature 2 |7‘Xy|
AudIncDec SalesIncDec 0.99
MovieTotal SeatShare 0.95
ScreenRatio Seat 0.95
NaverNtzNum NaverNtzPosNum 0.96
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Importance (X) = OOB Error Rate ()(})*Error Rate (12)
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Fig. 6. Check Errors with Random Forest
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Fig. 7. Importance Variables

IV. Experiments



44  Journal of The Korea Society of Computer and Information

ojm| mejule W SAlo] £ W4 872 AFgSRE
290 BE Evis 3702 ALRE 492 77 At
9k, A Cojels A2 ZoP} ci2 iz Ao
ol Zolg 7302 ol 53 =g T2 WRs
%7 858 HolFleh ARE Hlojels 7525 ¥&R 3
9ick. Aol AHg3F Clojele} 273€ Table 7} 2tk

Table 7. Experiment Data & Environment

Experiment Data

Dataset Movie20152019
Old length
(Time length) 73 - 1694
New length 73 (screen quota)
Classes 5
Dimensions 8(Feature) / 35(All)
Train 173 (75%)
Test 58 (25%)

Environment (Computer)
Processor Intel Core i7 6700HQ
VGA Nvidia Geforce GTX 980M
RAM 16GB
0S Windows 10 64bit
Python Version 3.6
Library tf.keras in TensorFlow 2.0

1. Hyperparameter Setting
Held 2Ho] sto|y metu|E+= Table 83t 2t

Table 8. Model Hyperparameter

MLP FCN ResNet
Layers num 4 5 11
3 9
Conv num 0 ] 1 1 3 3 3
Filter num 0 128| 256| 128| 64 | 128 128
128| 256| 256| 128| 128 128
Filter length 0 8 5 3 8 5 3
Normalize None Batch Batch
Pooling None None None
Feature FC GAP GAP
Activate RelLU RelLU RelLU
Regularize Dropout None None
Optimizer AdaDelta Adam Adam
Adam
Valid Train Train Train
Loss Entropy Entropy Entropy
Epochs 5000 2000 1500
Batch 16 16 64
Learning 0.001 0.001 0.001
Rate 1 1 1
Decay 0.0 0.0 0.0
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2. Experimental results
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Table 9. Confusion Matrix

Predicted Class
Positive Negative
Positive True False
Actual Positive(TP) Negative(FN)
Class N False True
egative Positive(FP) Negative(TN)
TP+ TN
Accuracy = 5 N T P TN (13)
L TP
Precision = TP+ FP (14)
TP
Recall = m (15)
_ 2XPrecision X Recall
Fl=score = Precision+ Recall (16)
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Table 10. Experimental results

Model MLP FCN ResNet
Only 8 (MLP) Only 8 (FCN) Only 8 (ResNet)
Optimizer : AdaDelta Filter : 128 x 256 x 128 Filter : 64 x 128 x 128
learning Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi
rate Score Score Score
0.001 0.8739 0.8795 | 0.8739 | 0.8767 | 0.9180 | 0.9182 | 0.9180 | 0.9181 | 0.9112 0.9315 | 0.9170 | 0.9242
1 0.84 0.8179 | 0.8268 | 0.8223 0.89 0.8715 | 0.8871 | 0.8792 | 0.9135 0.9114 | 0.9032 | 0.9073
Only 8 (MLP) Only 8 (FCN) Only 8 (ResNet)
Optimizer : Adam Filter : 128 x 256 x 256 Filter : 128 x 128 x 128
learning Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi
rate Score Score Score
0.001 | 0.9074= | 0.9131 | 0.9074 | 0.9102* | 0.9282* | 0.9283 | 0.9282 | 0.9282* | 0.9376** | 0.9375 | 0.9376 | 0.9375**
1 0.8970 0.8590 | 0.8337 | 0.8462 | 0.9001 | 0.9062 | 0.9001 | 0.9031 | 0.9335 0.9407 | 0.9284 | 0.9345
All (MLP) All (FCN) All (ResNet)
Optimizer : AdaDelta Filter : 128 x 256 x 128 Filter : 64 x 128 x 128
learning Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi
rate Score Score Score
0.001 0.88 0.8601 | 0.8796 | 0.8697 | 0.9118 | 0.9196 | 0.9223 | 0.9209 | 0.9292 0.9263 | 0.9292 | 0.9277
1 0.8856 0.8835 | 0.8871 | 0.8853 0.89 0.8739 | 0.8795 | 0.8767 | 0.9222 0.9315 | 0.9170 | 0.9242
All (MLP) All (FCN) All (ResNet)
Optimizer : Adam Filter : 128 x 256 x 256 Filter : 128 x 128 x 128
learning Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi Accuracy | Precision | Recall Fi
rate Score Score Score
0.001 0.9004 0.9067 | 0.9004 | 0.9035 | 0.9256 | 0.9260 | 0.9256 | 0.9258 | 0.9266 0.9265 | 0.9266 | 0.9265
1 0.8990 0.9064 | 0.8990 | 0.9027 | 0.9030 | 0.9047 | 0.9029 | 0.9038 | 0.9256 0.9260 | 0.9256 | 0.9258

"pest performance in the model
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Table 11. Model effect

One Sample t-test
ResNet
Hypothesis p-value 95% C.I.

Hy: pp=90%

0.00005665 (0.9188, )

H, > 90%

FCN
Hypothesis p-value 95% C.I.

Hy: p=90%

0.07948 (0.8983, )

H :p>90%

MLP
Hypothesis p-value 95% C.I.

Hy: n=90%

0.9514 (0.8854, )

H :p>90%
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Table 12. Important variables’ effect

Two Sample t-test

Hypothesis p-value 95% C.IL
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