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Abstract

This paper selects 121,603 online reviews from 2017 to 2021, introduces multi-attribute attitude
theory into empirical research, and examines the impact of online reviews on box office from a
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new perspective driven by multi-dimensional emotions. This paper uses DTM (Dynamic Topic
Model) and sentiment mining technology to extract the sentiment of specific dimensions from on-
line reviews, and then using quantile regression to analyze the impact of multi-dimensional sen-
timent on movie box office. The results of the study show that three dimensions of emotion have a
positive effect on movie box office (star, genre and plot). Specifically, the influence of stars on box
office presents an inverted U shape, the influence of plot on box office increases as the quantile
rises, and the influence of genre on box office is concentrated in the middle quantile. Emotional
variance negatively moderates the impact of three specific dimensions of emotion on box office.
Our study enriches the empirical research on online reviews and movie marketing, and proposes
some managerial implications and practical insights based on the empirical results.
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Table 1. Natural language processing tools
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Table 2. Main sentiment dictionaries
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Figure 1. Dynamic topic model
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Figure 2. Conceptual model
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Figure 3. Multi-dimensional sentiment analysis framework
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Table 3. Variable descriptions
= 3. LEHR

A i
t,i tRE—K, i REHEY
Boxoffice LN
Reviewnum AT IR B
Weekend 1LFRRFN. AAHMAR; HRMN0
Arrangement HeFr i
Star N H TE LR V-1 R 3R E R %) B B 155 R
Plot N HTE LR V-1 AR AR B %o 17571 1015 Ja
Genre NEE H ARS8 SRR X 12 L 5 S A A A Jak

Buzz 1 %=

Table 4. Descriptive statistics
4. RS

A HE “FME brifE 2= H/ME wKME
Boxoffice 15453.3 9325.48 1056.47 128264.25
Reviewnum 1216 1.72 3625 452
Weekend 0.43 0.5 0 1
Arrangement 9.26 2.71 1.14 33.69
Star 0.41 0.16 0.3 1
Plot 0.35 0.11 0.1 1
Genre 0.32 0.08 0.14 1
Buzz 0.07 0.12 0.05 0.72
DOI: 10.12677/mm.2023.135069 540 DA 2R


https://doi.org/10.12677/mm.2023.135069

AR, G 5

4.2. YEEEIREN

G, I SCARTRAC B R G A A A L PR RIS B L L . R A LI 12 IR 8] AT
ik, R ARE NI AN O A — DR SRR S ZRELPFRENRIPE S . bR i UL
A3, IR BEAT PR AR TR AL, AR AT A “WAR” 5.

e, MM DTM R “Ia148 7 7 A HEAT 4EFE T . 38 3L 35 A B SRk i AR 2 PP iR oA 10
I 45 AU AN A BESR b e R U B — A AT A 44, IR MR IE LF
W E M EEYEE

FATAT LAZ I LU R Aok i 44 B 1558, EHOB i REAF o, a0 Rz it (i) 15 5 3
i TEAF AR AR IR, PR AN AR S0, OB K i AR TE AR Dk 2R, SRR ARG h,
ELEME AR BATH AT DL 3R 2 8] 132 4 0% A B A 44 T

RABAIMAELATF IR R T = AR gEE . WIE. KBAET . MEARSFEMERE R, KN
W RSN, R R MG . XA DT AT S Ay R YR . &
5 JE7R T 4E L 3R S A AR A [R] I 8] 7 1B AR

Table 5. Changes of words and their weights in dimension plot
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(&S 0.8 =Rl 05 =Rl 05
=Rl 0.6 (& 0.4 L& 0.4
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Lt 0.3 Lt 0.3 oL R 0.2
J5 Al 0.2 J5i el 0.2 R 0.2
B 0.2 R 0.2 J A 0.2
i 0.2 TR 0.2 bra3=1 0.2
IES 0.2 T 0.2 3% 0.2
E{SEE 1 0.2 S 0.2 A 0.2
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Table 6. Examples of grammatical relationships
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KA MAVEMEE E BT AT IR 5 G —0.436
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Figure 4. Sentiment changes in different dimensions
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B, Koenker (2004)#2H 1 QR [IJA[21]. QR HIBRALHMIT: 1) QR A BFHIRIEE N A, (HiE
OLS [AIAZR P B 2 T B G A R A B . 2) QR R LABFAUARE A EZLEZ 0, 1 OLS [AIJAABERT T
UEiR AR
ASCEICEE AR D ISR, W RIS IROVMERARE, HE MO R, 2E. Rk

e, HER BRI R . N TR MRS R, IR T B ey B AR TR o R
A X (6) I :

anBoxofﬁceit (T|Xit)

= o, + B (7)InReviewnum, + 3, (7 ) InArrangement,, + 3, () InWeekend,,

+B,(7)InStar, + B, (7)InPlot, + 3 ()InGenre,

+; (7)InBuzz,

Hrb t FoR THE EBEREL « RRARBD LS o RORABE A e 2 BAZ I Al A T4
P MEZ B ZESR, B RS

5.2. SEIE&R

e 7 R, AR R RBUNT 0.5, FATHE TR VIF (T ZIK K 1), b iR B 3.25,
B/MEN 17 (UM T SHE 10). FrE &SR VIF #ECEUN, AT BLBTE A7 AR 2 B L2 1 ] .

SRJE . BATR ARG BSI6 (F A6 ) A% B I SRS 36 (LM A6 56 ) A 58 1 245 562 (Hausman) R ff 5
LG RS . 25 R W] F SIS p 9 0.000, AT LA & RN AL TR G AU . LM ARG
f¥1 p 79 0.000, FIHEWTBEHL AN AR LE TR A RSB B 4F . Hausman () p t2 0.000, Jir LB 2% 1645 6
ROAETY .

(6)

Table 7. Correlation matrix

F= 7. HXERE
Variable Boxoffice Reviewnum  Weekend  Arrangement Star Plot Genre Buzz
Boxoffice 1.000
Reviewnum  —0.112"" 1.000
Weekend 0.245™" 0.1817 1.000
Arrangement  —0.167" 0.053 0.314™ 1.000
Star 0.202"" -0.072™" 0.067™" -0.175™" 1.000
Plot 0.092"" -0.106™" 0.261™" 0.031"™" 0.078™" 1.000
Genre 0.051"" 0.248™" -0.013 0.054™" 0.045™  0.287" 1.000
Buzz -0.258™" 0.156"" -0.148™ 0.107™ -0.138™"  —0.095"" -0.172"" 1.000

Notes: "“p < 0.01, "p < 0.05, p<0.1.

FATE ] QR SR TE 2 kP L0S HLRE 52 55 B LU 2% buzz BOIRTT/EHT . 55 OLS [BIAARLL,
QR 8 1 YL A AN 7 Z2 O S A IE WA f Al v, T4t 1 A R SCRTE e AIESE . QR
HIflih 4 RAER 8 HUZE 2~6 Ao . X THIRAE MRS, W LURBLHRT 5 iR e Ja ik, e
SLEU R . WIRYEFZIS IR D, BARE S 2 U A,

FIRER PR TTI R EAG IR, BRRA BV E, EREINARRERL . JAYENE
Wi 73 R] AR v (A L5 o (BB PSSR 5 B LT, RSB O IR R (AR, B R
BE, HERSE DRI RGN BTHETHEEEE, AT EN BRI SS BRER rA w& 2Ar
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B RER, (R RE . B TSR 8z A, SRAYE K IO 2255 BRI #2235 IE 1)
1. BT AMER H BT

N T AETHE AR S R EA, JATST 7RO E M 4G A . fETHEER AL 7, W
FR Y PTG LR S VR RO 2, I RO ZE R T W R AR P RO SR s AR . RO X
U PG 8 B B P AR R L WS LR FE A 48 R R T B Th AR M L, BT A MR
B, Bl H2 Bz,

Table 8. The results of quantile regression analysis

8. S UKEALERIH

Boxoffice Q10 Q30 Q50 Q70 Q90

Reviewnum 0.428" 0.412" 0.352"" 0.2917" 0.253™
(2.46) (5.29) (3.72) (1.96) (1.85)
Weekend 0.292"™ 0.337 0.419™ 0.624™" 0.391
(1.68) (1.63) (2.01) (2.14) (1.32)
Arranaement 0.251™" 0.235™" 0.182™ 0.125 0.235
9 (2.66) (1.96) (1.68) (1.63) (2.37)
Star 0.335" 0.397" 0.578™" 0.305™ 0.241"
(2.35) (2.67) (4.65) (1.81) (1.26)

Plot 0.117 0.159™" 0.231" 0.275" 0.324™
(1.12) (1.34) (2.09) (2.54) (2.18)
Genre 0.197 0.225™ 0.194™ 0.217" 0.242
(1.86) (2.52) (2.06) (3.02) (1.68)
Buzz 0.325 0.284™" 0.461" 0.372" 0.554
(2.15) (1.98) (3.36) (2.72) (3.45)

Star  Buzz -0.202™ -0.357"" -0.324™" -0.422"" -0.473™
(-1.48) (-3.63) (-2.98) (-3.18) (-3.47)

Plot  Buzz -0.233 -0.123™ -0.278 -0.341™" -0.386™"
(—2.15) (-0.95) (-1.35) (-2.87) (~4.46)

Genre  Buzz -0.154™ -0.189™" —0.248 -0.356 -0.306
(-1.32) (-1.76) (—2.06) (—2.48) (-3.16)

Notes: ““p < 0.01, “p<0.05, p<0.1.

6. FIRERE

ARIEPET 2017~2021 SERATHI 121,603 SKAELLTFE, MEE T — N2 4 B B AT HE ZE SR SR 7
- NEI R R N S A B R N - R NG| S TR I G SN 473558 R e R R b e a2
PR X S P RS o
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B, BATRW TR DI AR T A AR L 1TA8 b 608 (0 1 IR 0T s 52 3 7 AR RO o X BLREAT R i
ﬁ/ﬁ%%’ﬁﬁ%ﬂﬁﬁﬂﬂé JEIE S RIRAITE 0 S A M. DRI, RS RAT R T L A B A = 4R
SRR L 51 RIS 20 ) ok B A 1t T 552 755

Hko BATKBU B P R R 2 L, UGS RIS . 3T B H ok, fEfIfF
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