55 54 5 3 ) MK FFRE F R) Vol. 54 No. 3
2022 4F 5 H J. Zhengzhou Univ. ( Nat. Sci. Ed. ) May 2022

BET=ZRBEXNMNRITREEFETIE

)}—% %ﬂdl,Z’ ﬁ){[ gl,Z

(1. ERRHRH K2 AR REE KT H ALK S HK 400065;
2. KW R R 2 THREMBL A S H AR 2B TR 400065)

FEE B RAEWT LI N P A8 A ] DT — o 82 J8E 2% M 4% 0 10 1) ek 0 5 B0 ok A A 1) PT  JR P R0 R 4L R 8 4
AP ERTHEYBEM MG E R, NEIOZ R 456 = SRR T — Mo b R e ik . %k
IR RIS FHERE WA LR, X P SRR AT R 2SS W P R Dy 0 T P R B P T R X BT
430 00 PR [R] 14 3 28 00000 8 47 28 5 9K U5 76 AR P BT @ 0 v e A — AN BT 43 3 B T 2 AR A RS
BAFRA TR 8 B OS5 R, SCI SRR Tk 5 OA 5 T R PR o 08 5 kAR L, fe A 5o 48 = HE
KR,

KEWR: EEIE; =0RE; BE,; ERSR

fES %S, TP391 XERFRERD: A XEHS: 1671-6841(2022)03-0022-06

DOI; 10. 13705/j. issn. 1671-6841. 2021237

Collaborative Filtering Recommendation Method Based on
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Abstract; Clustering can be used to reduce the users’ neighbor space, thereby alleviating the scalability
of traditional collaborative filtering algorithms to a certain extent, but the recommendation accuracy is not
high due to the loss of effective neighbors of some users. To solve this problem, a new collaborative filte-
ring method combined with three-way clustering was proposed. The proposed method included two steps:
offline clustering and online recommendation. The users were divided into core users and boundary users
by clustering, and different clustering rules were applied to these two types of users respectively. The
prediction score was calculated based on the cluster the target user belonged to. For a user belonging to
multiple clusters, the scores of each cluster were aggregated to obtain its prediction score. Experimental
results showed that the proposed method could achieve higher accuracy than the current clustering-based
collaborative filtering algorithms.
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Figure 1 Artificial data
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Figure 2 Collaborative filtering recommendation method based on three-way clustering
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Figure 3 Decision graph of DPC on artificial data
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