tHEE T RXKFER
$39% B3 J. University of Shanghai for Science and Technology Vol.39 No.3 2017

XEHS:1007-6735(2017)03 - 0236 — 05 DOI:10.13255/j. cnki. jusst. 2017.03. 006

W= A7 By B AR U T B S U 77 i

¥, FRE. R . BAF

CE#FRTORY el B 5N LR . b 200093)

WBE: 3T MNBEM LGNS ABEHRTIEL L, AT EEB I RGRAL.RBETAT
B P AR e Ay S AR R God R - TR Sk . 3%t 69 SL RS B T IR AADLET R P R B AR FL A AR 0L
B AR 2 R A R R KA P (R ) A LA A P (R &) B G UL E 2 B A= 2 F
R H Je W 2 P egAERE LR, TR R T A e A k. £ MovieLens £ 4% % Lo 236 45 R 42,
PR B RS LAY A G IR AR A, B B S e R A O B T B AR R

KR LML EHFZL; BTN W EAERE; AR
hEES: TP 393 XEktRERD: A

Online-Rating Prediction Based on Opinion Spreading and
an Improved Similarity Calculation Method
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(School of Optical-Electrical and Computer Engineering , University of Shanghai for
Science and Technology , Shanghai 200093 . China)

Abstract: The relation between users and items in the recommendation system was considered as
a complex network structure, and the binary relation between users and items was used to
construct a graph model, based on which a diffusion dynamics method was introduced to study the
recommendation algorithm. Through studying the ideas spreading in the network structure and
collaborative filtering algorithms, two optimized algorithms were presented based on user similarity
and item similarity, respectively. The proposed approach provides a correction method for zero
value problems of similarity calculation, ignored in most existing publications. The similarity of
users (or items) was defined as the number of corresponding views which a user (or items) owns
and differences between those viewpoints spreading in the complex network. Using MovieLens data
set, the experiments show that the presented algorithm has better performance than the collaborative
filtering algorithm based on Pearson correlation coefficient and some other existing methods.
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