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Abstract

Film box office is the most important sources of income in the film industry. Researching the box
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office influencing factors and predicting them will help the development of the film industry and
investors to make correct investment decisions. This article combines the cutting-edge theoretical
research of artificial intelligence and proposes a prediction method of movie box office fusion
model based on Stacking ensemble learning. The paper selects the box office data of the top 100
films and the relevant influencing factors from 2017 to 2019, cleans and quantifies influencing
factors and uses the XGBoost algorithm to calculate feature importance to screen the main in-
fluencing factors. Then the paper uses the Stacking model to integrate several machine learning
algorithms to build a box office prediction model, optimizes model parameters through grid cross-
validation. Through comparative evaluation, it can be seen that the stacking integrated learning
model obtained has a better prediction effect than a single machine learning prediction model, the
model has high application value in movie box office prediction.
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Figure 1. Search volume of Baidu Index before and after movie release
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Figure 2. Standard deviation after normalization and standardization
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Table 1. Correlation coefficients among influencing factors

* 1 BEWERENEXRYK

MEE ERE BEREE MEERE S Vo HE Vo i b
HLR 5 1 0.96 0.75 0.7 0.68 0.68 0.13 0.06 -0.08
EEEYZ 0.96 1 0.63 0.6 0.58 0.6 0.08 -0.02 -0.07
15 AL 0.75 0.63 1 0.83 0.63 0.85 0.45 0.15 0
ZESSEE 0.7 0.6 0.83 1 0.48 0.96 0.56 0.29 0.05
S 0.68 0.58 0.63 0.48 1 0.43 0.19 0.08 -0.3
oA 0.68 0.6 0.85 0.96 0.43 1 0.65 0.28 0.09
W 0.13 0.08 0.45 0.56 0.19 0.65 1 0.4 0.05
i 0.06 -0.02 0.15 0.29 0.08 0.28 0.4 1 0.43
1A -0.08 -0.07 0 0.05 -0.3 0.09 0.05 0.43 1
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Figure 3. Scatter plot of influencing factors
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Figure 4. Percentage of box office of different movie genres
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RRAE BI04 2 B R 25 ik MinMaxScaler B 0K 520 R 25— 1k s I VI SR i i A% 48 = flsg
XIS UERT R FAT R S04k, RIS G R R AT VI ZRFIRT L VP4l s dlid Stacking J7iERLE AR BT
PR IE DAl T EESE VTG B AIE ST NBERY T 5 AL SRR X EUAN A 2% 21 48 Stacking AR FRI40L & 2%
B B E BT AT AR RG] H R T s iR AT TIINAS: B e % (1 TR 45 R

4.1. EBRBBIESK

XD BRI SR 1 6 22, AT S A, D ORIESME AN T ZAR EARST,  HARZE A IE
oA, AT EIF G, WSCEI RS EEE RO E, KL IES A 6 A PR

4.2. THEEERNE R

it XGBoost HAL i % 1 B M A K, AR HH EENERFAL AP 7, HOR AR R B ACE A XGBoost
A5 TR o (AT A B T (¥ DR EE 5 8 DAREARFAEATE 9 70 44T Ut R (P 203G 2, AT AT 28t EAT RF AL O 7 02
HAR N EA B H RS, (MR 2R AR E 5, .

WRIEE 7 TR, FEPA BRI ER T, B E H RSN MG R E RPN R R, TR RS
B A R ORI IR TR, HUCR VPR NS, 1 RFIE . SRR R, ANl RS A 7
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Figure 6. Before and after movie box office take logarithm

6. BEEEMMEAETEIEL

Feature importance
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Figure 7. XGBoost importance feature map
[ 7. XGBoost EZE M4 45EE

4.3. HMERETMER

XGBoost FIEIL S Z AL, XEIEBR TG 2R S, ARBRRNSHH G, B SOER
sklearn ] GridSearchCV J# ik WK% 1% 2 28 WG IE TR AR T 40 ISR 2248 2 S50 —Fh 95 588 R )y
% IRIE RN T REXH AL e ) S EUE e X NG L, IR kTS, K ara T REI AL A
S5 BN H AT XGBoost Ik, 4 it A8 G UE XA HEAT VAl o 183 VF 23 R B0 AN B S HUE AT 4T
DHIER AN SEE, RERIIBENNRRSHAE.

% XGBoost HALER S HEFE N : 4> BI%T XGBoost 7, k. 23] HAR=ANE S EEATAE X
ISR, WEHIRERIEY 7 2 R/NRES RIS H. W T XGBoost MRS 2 BAR Ny SR B OIR S, b
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TRF5 N

7 B B IR 7T AWHEIE, Fi/NEHL BB BEHUR R AR IR, Wi B R AR L
Bl KR4 O IR AE g /N B IR RS i BB . NS ST RN, Db G XSS R A
RMBAMZ RS G, RZ&XTT XGBoost A X 2Kl 3.

Table 3. XGBoost model parameter configuration
% 3. XGBoost #EEI S H AL E

ZH EBd i fE
booster S E Getree
objective ERANTIEAS Reg:linear
eta ST ¥ 0.3
subsample FEHLRAE R 0.7
Max_depth TR P S5 KR BE 3
Colsample bytree FHIERAEER 0.7
Min_child_weight /N AR 3
gamma R E 01
n_estimators A A AN 5L 500

H TR R, W A A3 A R UESR AL 2 MR S8, 38 o I Rt A T A 52 5 T A
R, ORI 07 HRARZE AR AE Z2 R BEAT B DA o ST HRIRZE VP FINLES 22 ST I HERR L, RMSE /),
BT AERS, ERER T RAR TN R SB[ (W B AR AT, 20 T 22 S S AR S A e . #4977
RRZER AR ARAEZEVFAIRRHLE 2 I AR eV, T7 2280, BORGEARE . EREE T I%R
AP B I PEREAR L, ZIE 1R P PTE TR .

RMSE = 1)

G BRI I RIR Z A 4 R R 4, WA ZA)S, GBDT HA I HRIRZEMER
#EZE R/, UL HZAE G ROR BT, FER A AR IR (I8 e 25 8 SR S0 AT RS2 552 55 R T s [+ e
XGBoost. LigthGBM #7175 HR R 2 MUbR #E Z2 AR X HoAM AR ARG /N, 158 B /A5 R T Al =0 AR L RS 52
B, FERIRLRL G AT DAOCSE 5 RS R AT PR A

Table 4. Model evaluation before and after the introduction of emotional features

4. SINBRAFERT/E AR BT

F RMSE NG
Lasso 0.146346 0.028864
ElasticNet 0.143952 0.027534
Ridge 0.143934 0.025430
GBDT 0.087363 0.011990
LightGBM 0.100069 0.027869
XGBoost 0.100995 0.018498
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BETZMARNZEIE, BTN EISRMRFEILR SIRZEAME, £ 2R Pt TaEE™
DA BB R 22, SRR BN 22 ST R I A AT DN BERS B0 (NI S i 0L £ F) ) AL, 1 i AR AR 2 AL g
DU SRR A FH 52 3] S REAT 415 1) Stacking SRR 3T 59k, XA REAT fh 5 A I 2R A5 HEff £ 000

4.4. Stacking 2 &gk &

AR &l H & —Se LB R B B0, AR B IR BB 5T 2RI s kiRt b, & e
GINEIRMERY, SRl e fal A T 2 18], B SIS ARl & B8 Do DR E 22 AV 22 0 18 SOXT HLRY
TR HARIEAT 0B, K T0%MIEIE R NI 254, 30%E NIIREE . FEIIZREE LIRS, 5 GBDT.
XGBoost. LigthGBM &R 4y, ik Stacking J7ERHX = AME AL T AL &

Stacking A5 ) 3= E AR R I SRS ALK 2 S 2 2% S TN &5 2 . IR SCE R E R AR . 58
— R 2T ISR S AT RS, AR AR ISR BB SR R 28 — R R 2 3] 2% 1)
i O AE SRR EAT BN SR, MM 3R 43 58 B 1 Stacking B AL . i SCIE I mixtend JE 3R At
StackingCVRegressorstacking #57 gil & 1 & 54 10 = /MR, ARE B YRR T FLHT A8 XERAIE . B2 il

R R
1) FgRE. Rl ZR BBl BB SJ IR0 5 10, RRGEFR I 4 M IENIIZREE, 10N
KrESE

2) ExE =N, T 5 RIIGR, [FIRSPESRUESE RN Bk AT T o A R IR PR B — 1 A
A HAENIZRI B 5E, afERAL 1 Rl F 4 eI SRBEE 3T ISR, XF 1 gy ae il L k4T B1S 42 S50k,
[ s 6 B IE AR AR B TS 90 255U s b E A 5K, K Il ZRE I 5 IR TN 45 - B inA 1 41 trian_metal
(210 %), IR EE b 5 kst BEUAME RS~ 1 7)) test_metal (90 2%); MBBEEHG, W =N FERIR K5
UEER TR 25 SR 314115 21 train_meta (210 * 3)VE N T — ZMIIZREHE , # =/ FAR AL 1 I 4R Fi0ll 285 SR 141
733 test_meta (90 * 3)1E N T — 2 MR dE -

3) % ik lasso [IVIREAY, 222 S I ZREE train_meta, AR5 %5 HTA4E test_meta HEAT T,
RPN A 2 S5 TR 25 2R

Table 5. Root mean square error of the fusion model
5. BARBEMIHFIRRE

st RMSE
GBDT 0.028831
LightGBM 0.052431
XGBoost 0.000861
Stacking_model 0.037613

M MR AR, AR LA R, IR AR RMSE Z5Sn% 5. A4,
XGBoost [f] RMSE {fific/)y, IR #F; GBDT. LigthGBM Flff& L () RMSE {8 thi /N, T
HERf R . A VR A A T T, XGBoost (TR ZE 5N, X &R A XGBoost i 4t 2k s HGHEAT
TR, AR T — A B S EUE BT ERNER, (RIS s . (HA
fili ] XGBoost #8178 Syl &, i LAE I Zrde BT, (EXF BUMAEAS M GE J1 25, i b Ad O f A A 7Y
& A% XGBoost Al GBDT #%, (HIZALAE 1155
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Table 6. Movie box office prediction results of Stacking model and XGBoost model
5% 6. Stacking #EZIF0 XGBoost #EAIAY B ZE EFNILE R

. Stacking_model XGBoost
By ) S S EL 2

5 ZH) Stacking_model XGBoost T -
KPR+~ 285200 303465.2 418421.6 6.40% 46.71%
FU K e 170900 173821.5 191094.4 1.71% 11.82%
R 2 Ry F 138000 138953.5 123081.1 0.69% 10.81%
HE 114500 107460.2 90528.57 6.15% 20.94%
FRANFR (1 AH [ 108100 117871.7 119299.6 9.04% 10.36%

NIGHIE Stacking 4 S B K TN M E, X L Stacking 5 T XGBoost 51 [ L5 52 s T
SR 6. H AR Z @ P E o R =g R, JLARARERDN,  FREREEY 1 TR R
HALN

100% i 9-v ‘
i Vi

M%< 6 %N, Stacking 4R AR BTN R ZE 40/, SR Stacking £ SRR TN A4 R AL T XGBoost
FERS TR . A 15545 Stacking R A XGBoost A5 A () S IR 2243 WA 7.24%F1 13.53%, 15t B
Stacking #5841 MRS R AL LT, FE T2 AGBE Sy o, SIS A SR AT 22 5 1 TR .

XSEHT Stacking RS > 1 75 s B8 2 02 2] B0 BT B 5 o 38 7 A B T 25 SR AT iz Ak,
A B> B — AR A REAAE B AR, DL R B A T (R AR TR FE o RIS TR B AR 7 T, B
—ARRRALET, RS BN R EME, — R AR IME BT N A R A R 2, T 2 A
5 ] AR BRI G AT A B BN R AR IME B AR . BRI, SR Stacking S 2] 75 30U B S B B T
K FEA ATde st .

T P IRIE Stacking HE BB Hr k2 ST AR B TN &5 SR RE R, 2% 7 rRilgE T AN RS
HA AT AT EE 5. Ho, Stacking 52 1 GG T /S FPASFI R [ AR AY, Stacking A58 2 3% FH RS B 5t
AN ) 2840 A 77 (XGBoost. GBDT. LightGBM). Tiill4h 57, fd FAS [|] A 3 2 =1 28 %6F Tl 45
BRRGE, AL I E B L2 ) 25 1) Stacking 17 L 45 & 4> #R1F 8 2% 5] 23 1) Stacking A5 84R 3
AR . — 7T BT IR ) Re )i A B 5 S A B B (A2 Tt Stacking BEBYTRINAE /1. S — T2

MAPE =

Table 7. Stacking algorithm box office prediction error of different base model combinations
= 7. NEEMERLE A A Stacking B AZ ETUNIRE

Y Stacking_modell RMSE Stacking_model2 RMSE
Lasso 0.119191 _
ElasticNet 0.117959 _
Ridge 0.102024 _
GBDT 0.028831 0.028831
LightGBM 0.052431 0.052431
XGBoost 0.000861 0.000861
Stacking_model 0.042411 0.037613
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Figure 8. Box office prediction based on Stacking integrated learning
8. BT Stacking ERRF SIRERTUN

5. &ig

WX CH IR AR E, 2T R T Stacking SR > 1 B 22 b R A B 8L R T v
LS AE ERAE AL VR BB S5, FF R XGBoost SEIKHUREANRFAEE J 43 2445 55 mﬂéﬂﬁ%ﬁiaﬁﬁ,
ik BB R RN E RS MBI ERE. TS BERHE. B P, SRR
SFRIER . 0 LU PPl R RS S AR B AR, PR iE ) B 7 GBDT. XGBoost. LigthGBM [ Stacking
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