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Hybrid Recommendation Algorithm Based on Social Trust Clustering
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Abstract: Recommender system can solve the information overload problem effectively, and collaborative filtering (CF) is one of the
techniques that is widely used in recommendation system. However, the traditional CF technology has problems such as poor scalability,
sparse data, and low accuracy of recommendation results. In order to improve the quality of recommendations, this article integrates the
trust relationship into the recommendation system in which the trust relationship is clustered by using the clustering (FCM) method. Using
the trust cluster to predict implicit trust between users, the trust relationship is finally combined with the user-item relationship to give
recommendations. The experimental results on the data set of Douban and Epinions show that compared with traditional CF algorithm,
trust based recommendation algorithm and recommendation algorithm for user item clustering, the presented algorithm can greatly
improve the recommendation quality and time efficiency.
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Table 1 Fuzzy-C-Means
1 OB c MERAE

Algorithm. Fuzzy-C-Means.

input: User-Relationship matrix. Threshold q. Number of clusters c. Free parameters p;
output: The affiliation matrix of the user and cluster.

1. initialize: t=1, random generate wo

2. Repeat

3.Calculate c cluster centers Cj, je(1,2,...,c);

4. For (j=1, j<=c, j++)

5. Compute cfj;

6. End for

7. For (i=1, i<=n, i++)

8. For (j=1, j<=c, j++)

9. Compute Euclidean distance d(Xi.c});
10. Compute Wi};

11. End for

12. End for

13.Compute cost function J'

14. t++;

15. Until |31 -3t2|<q
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Fig.9 Comparison of running time of the four algorithms
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