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Collaborative filtering algorithm combining user features and
preferences in optimized clustering

LIANG Lijun, LI Yegang, ZHANG Na’na, ZHANG Xiao, WANG Dong
(College of Computer Science and Technology, Shandong University of Technology, Zibo 255049, China)

Abstract: The collaborative filtering recommendation algorithm in the field of recommendation systems is still accom-
panied by the data sparsity, cold start, and scalability problems. To solve the cold start and scalability problems, we pro-
pose a PCEDS(pearson correlation coefficient and euclidean distance) collaborative filtering recommendation algorithm
based on optimized clustering. First, the optimized K-means clustering algorithm is used to cluster the attributes of users.
Then, based on the trust-based similarity model of user attribute features and the similarity model of user preference, a
novel PCEDS similarity model is established to create a prediction model for the clustering results. The experimental
results indicate that, compared with the traditional collaborative filtering recommendation algorithm, the proposed
PCEDS collaborative filtering recommendation algorithm reduces the root mean square error by approximately 5%, sig-
nificantly improves the recommendation precision and recall, and solves the cold start problem. Simultaneously, the
clustering technology can save the memory space of the recommendation system, thereby improving its efficiency.

Keywords: recommendation system; collaborative filtering; cold start; scalability; optimization clustering; trust degree;

user attribute; user preference
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Table 1 Initial clustering center
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else if p[j+1]e {H &}
then int sign:={0||1}
else if p[j+2] e {F—HLl 2}
then int sign:={0||1]|2||3}
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end if
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Cognitive Systems Information Processing
Cognitive sciences and technology Information presentation and metrics
Visual cognition and computation Multi-modal information interaction and fusion
Auditory cognitive processing Big data and intelligent information processing
Innovative cognitive computing model Neural cognitive computation and learning
Cognitive metrics Visual information processing
Tactile cognition and computation Tactile information processing
Cognitive psychology Brain-computer interface
Cognitive robotics Bio informatics and applications
Cognitive radio Multi-modal cognitive mechanism for dexterous operation
Cognitive radars Extreme learning /other leaming machines and applications
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