HTENMRARSARE

COMPUTER TECHNOLOGY AND DEVELOPMENT Sep. 2020

Vol.30 No.9

0 5| §

0 2 NIDR, ] 5 BROR T v 8 A 1A R A A DR Y

ETHERSITHTELERZER

wEE EH R, TAR, FHA
(X2, L3k 200072)

T OEBEE B AR N R R ORI 15 BORUIR 55 0 25 4%, Gl SRS o S R0 AR, R AR A AR A1
A2 —, BA AR AT Tk K P B D B 1P o VR D HERE R TR AR , SR P A 0 R v A — AR MESZ 4 1 P
FUE M EAE  MELUE BORG % . DRI, o0 T S0 T A 0 s AR J2 908 FH P P i B AR A Lo, SO
PR —BPEE TR VPG AT B0 A HERE T 12, 18 T A SRTE S AL TR 32 P P s DA% S8 I, 4 52 TP R 5 0 3T
Srai  LETHE P E A m IR AT R B AR RO AR S P R AP R IR 55 . SEER SRR X
R AU BE R T FH P VRS REEA—4E 101, HL 38 3 R B PEA HE R R e vt

KRR  HESEHERE T s B2 8 5 R SR TN -1
E S 2S TP XERFRIZAD A
doi:10.3969/]. issn. 1673-629X.2020. 09. 024

XEHS:1673-629X(2020)09-0132-05

Personalized Movie Recommendation Based on Sentiment Analysis

HUANG Jian-bo,CHEN Fang-ling ,DING You-dong, WU Li-jie
( Shanghai University , Shanghai 200072, China)

Abstract: With the rapid development of Internet technology , more and more information and services are flooding the network. How to
achieve accurate and efficient recommendation has become one of the urgent problems to be solved. The existing personalized movie rec-
ommendation method takes the user’ s historical score as an important basis for recommendation. However, the user rating standards are
different, so it is difficult to find out the real preference of the users and form a precise push. Therefore,in order to achieve accurate
movie personalized recommendation, it is especially important to tap the emotion of user comments. We propose a personalized recom-
mendation method based on sentiment analysis of emotions. The natural language processing technology is used to explore the emotional
tendency of user’s film reviews,and the emotional value of the film reviews is combined with user rating to jointly measure the user’s
preference. In addition, the click — through rate is predicted by click — through rate estimation model to provide personalized
recommendation services for users. The experiment shows that the proposed method not only effectively solves the problem of different
user ratings,but also fully demonstrates the superiority of its personalized recommendation.
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