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Research on Movie Media Website for Ranking Prediction
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Abstract
mining and analyzing the data from movie media websites, which includes extracting and expanding features

Integrating with learning to rank methods, the authors propose a movie ranking prediction model by

related to ranking prediction as well as dividing and aligning ranking labels etc. Experiment results show that the
proposed model effectively improves the performance of the movie ranking prediction task, which can benefit the
cinemas to arrange the number of screenings properly. The model can also provide high quality recommendations

to movies for the fans.
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Fig. 1 Flow chart of learning to rank model for movie ranking prediction
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Showtimes | Standard Chart
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<<Last Weekend <Last Year

View Index: By Year | By Wi

Box Office o
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Year> Next Weekend>>

w::l‘f"d 1 1 Beautyand the Beast (2017) $90,426,717  48.3% 4,210 - $21479 $319,032,604 $160 2
Monthly 2 N Power Rangers (2017) LGF $40,300,288 3,603 - $10913 $40300288 $100 1
Quarterly 3 2 Kong:Skull Island wB $14,670,653 47.3% 3,666 180 $4,002 $133,747,801 $185 3
3:;’::“” 4 N Life (2017) Sony $12,501,936 f =RL - $3974 $12,501,936 $58 1
All Time 5 3 Logan Fox $10,334390 42.0% 3,163 524 $3267 $201,644986 $97 4
International 6 4 GetOut Uni. $8,851,845 34.1% 2474 505 43,578 $147,669,880 $4.5 S
Indices 7 N CHiPs wB $7,722,802 - 2,464 - BB gman e 1

2 BOMEHERHATTH
Fig. 2 Movies’ gross ranking page on BOM website
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Table 1 Information of movie’s features
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Table 2 Parameter description of data format

24 BY BUE ges
<label> HL R AR TR (R 0,1,2,3 B A B R ) SRR
N i 1501 1R3% 2015 4648 1 R
<qid> X IR LB HE A% AR 5 R B 4 A AR ,
q LR S R

<feature> FHIERY P [1, 131 A%l TSR G R P

<value> FERET R A B [0, 1IN BIIF 5L TEER AL 38 I — b5 R 1

<remark> HHEER FIFEp WE AR
0 qid:1504 1:0.375886524822695 2:0.4460431654676259 3:0.9999979916655816 4:0.9988927321044417 5:1.0 6:0.5719806763285025 7:0.997162
0 qid:1504 1:0.36879432624113473 2:0.436884892086330934 3:0.9999990038983908 4:0.9992776395157548 5:1.0 6:0.5721417069243157 7:0.998
0 gid:1504 1:0.3617021276595745 2:0.5071942446043165 3:0.9999991087511918 4:0.9947536592567596 5:1.0 6:0.5718196457326892 7:0.99873
0 qid:1504 1:0.3546099290780142 2:0.5071942446043165 3:0.9999992055383927 4:0.9947536592567596 5:1.0 6:0.5718196457326892 7:0.99887
0 qid:1504 1:0.3475177304964539 2:0.5071942446043165 3:0.9999994233095947 4:0.9947536592567596 5:0.9997794441993825 6:0.57181964573
3 qid:1507 1:1.0 2:0.5071942446043165 3:0.6565205894142121 4:0.9947536592567596 5:0.1960741067490075 6:0.5718196457326892 7:0.86744
2 qid:1507 1:0.9929078014184397 2:0.5071942446043165 3:0.8539871231323665 4:0.9947536592567596 5:0.29355977062196736 6:0.5718196457
2 gid:1507 1:0.9858156028368794 2:1.0 3:0.8731387211307926 4:0.9970314674990509 5:0.19430966034406705 6:0.5697262479871176 7:0.9511
1 qid:1507 1:0.9787234042553191 2:0.9928057553956835 3:0.9338023899187645 4:0.9963091070148058 5:0.24239082487869432 6:0.6441223832
1 qid:1507 1:0.9716312056737568 2:0.9856115107913669 3:0.9626804079649882 4:0.9973689205719829 5:0.29863255403617117 6:0.5718196457
0 gid:1507 1:0.9645390070921985 2:0.9784172661870504 3:0.9832567175933091 4:0.9969945585691989 5:0.3663431848257609 6:0.57198067632
1 qid:1507 1:0.9574468085106383 2:0.9640287769784173 3:0.9837236997064013 4:0.9959505631248154 5:0.5052933392148213 6:0.67552334943
1 gid:1507 1:0.950354609929078 2:0.9496402877697842 3:0.9859370899083449 4:0.9961034715484877 5:0.6581385090427878 6:0.638164251207
0 qid:1507 1:0.9432624113475178 2:0.9568345323741008 3:0.9869158101493406 4:0.9964040156915679 5:0.6790913101014556 6:0.68164251207
0 gid:1507 1:0.9361702127659575 2:0.9712230215827338 3:0.9888530906639466 4:0.9972423756696335 5:0.6182179091310102 6:0.75990338164

3 B UBEBSEHERE
Fig. 3 Part of data after formatting
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Fig. 4 Concept mapping relation between the prediction
of movie ranking and information retrieval
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Table 3  Experimental result on P@n, MAP and NDCG@n (%)

Ik P@1 P@3 P@10 P@l15 MAP NDCG@1 NDCG@3 NDCG@I0 NDCG@I5
LinearRegression 100 98.99 71.52 50.30 92.98 95.67 96.83 95.41 96.34
NeuralNetwork 96.97 96.97 63.64 46.67 84.00 63.49 75.84 79.19 82.14
MRP-MART 100 100 74.45 50.91 97.75 95.67 96.35 96.70 96.96
MRP-RankNet 96.97 91.92 61.82 45.45 79.10 53.39 70.75 74.18 77.68
MRP-ListNet 100 94.95 62.73 45.45 82.23 74.60 78.63 81.26 83.65
MRP-LambdaMART 100 100 75.15 51.31 98.53 93.65 95.45 96.55 97.44
MRP-Random Forests 100 100 75.15 51.31 98.11 97.40 96.35 97.58 98.14

@ ML 1502, 1505, 1506, 1514, 1516, 1519, 1520, 1521, 1525, 1528, 1546, 1602, 1616, 1621, 1624, 1631, 1632, 1635, 1643, 1644,
1646, 1647, 1708, 1717, 1718, 1719, 1721, 1724, 1733, 1738, 1742, 1743 Fl 1744 (& FBAEG IR %0) .
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Fig. 5 Curve graph of P@n
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Table 4 Movie ranking prediction results using baseline and proposed models

H4 Official

Linear Regression

MRP-MART

MRP-LambdaMART

MRP-Random Forests

Tyler Perry’s Boo 2! A
Madea Halloween

2 Geostorm

3 Happy Death Day
4 Blade Runner 2049
5 Only The Brave

6 The Foreigner

7 It

8 American Made

9 Victoria and Abdul

Kingsman: The Golden

Geostorm

Tyler Perry’s Boo 2! A
Madea Halloween

Happy Death Day

The Mountain Between Us
Blade Runner 2049

Only The Brave

The Foreigner

It

American Made

My Little Pony: The

Tyler Perry’s Boo 2! A
Madea Halloween

Geostorm

Happy Death Day
Blade Runner 2049
Only The Brave
The Foreigner

It

The Snowman

The Killing of a Sacred
Deer

The Florida Project

Tyler Perry’s Boo 2! A
Madea Halloween

Geostorm

Blade Runner 2049
Happy Death Day
The Foreigner
Only The Brave

It

The Killing of a
Sacred Deer

American Made

Kingsman: The

Tyler Perry’s Boo 2! A
Madea Halloween

Geostorm

Happy Death Day
Blade Runner 2049
Only The Brave
The Foreigner

It

American Made

The Snowman

The Mountain Between Us

Circle Movie Golden Circle
x5 ZEOEFEAZHERY
Table 5 Feature coefficients of the linear regression model
i SR AR S AT 203 THE=E THE=E THE=E o
IR " I g . o4 T g HISE AR
e i bR IRy 2 B IRy
S —1.159 —0.947 —-1.04 —0.003 —0.018 0.011 0.045
AR + + + 4 B
. HIEEE P A AJE AR
HHIE I J& HE b JHHES PSS R
T ENE 2 JElHE# AT s g i RS
ES44 -0.055 —-0.08 —4.185 0.397 —-0.089 0.017
AR + + - +
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Table 6 Features’ importance score of the MRP-Random Forests model

B LB E T T T

o e L B \ s L= : W
WE LREES 5 st Ty A o Ty R
55y 0.012 0.0117 0.0459 0.0045 0.0075 0.0061 0.0117

A RN R )

BE A s R W%

WE RS S e T T Y

55 0.8204 0.0055 0.0373 0.01 0.022 0.0054

M DTHRSE IE ) Y, JZIRR o R 4 XHE BB 7E—
EFEE FARIARIEMER RN, RS LLE
FELAE NEBI AL b < 52 S8 D B R Ak B 43 1
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F o« b Wit Be 50 st B ~F- 34 52 D x) i SE HE 44
FYR PNV THEN o R LAY 52 e AR e
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K H s HER A SRR .

% 6 45 ' MRP-Random Forestsfi % H1 45 KR AE 1)
R W BELERARA R 0 I 2505 vk T A,
T — R S A I 25 B el D P 5 e AR A I 24
HOA T RERAE R o L, BRSO B —
AR )3 N EE (out of bag, OOB), i i i 4t
i AN EHE, AT DATE X — BRI SR R Ah iR 22
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