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Service Recommendation Algorithm Based on Canopy and Shared Nearest Neighbor
SHAO Xin-xin

Dalian Neusoft University of Information,Dalian, Liaoning 116023, China

Abstract In order to improve the accuracy of banking institution service recommendation,a clustering algorithm based on the im-
proved Canopy and shared nearest neighbor similarity is proposed. Based on this algorithm, users are subdivided and accurate
service recommendation is made according to the characteristics of user groups. First, the improved Canopy algorithm is used to
obtain the initial clustering results. Then the shared nearest neighbor similarity algorithm is used to classify the intersecting data
in the clustering results. Finally, the user clustering data are obtained. The algorithm is applied to the real customer data of a
bank. Three indexes of customer contribution.loyalty and activity are selected for clustering. The results show that the algorithm
improves the quality of customer segmentation and the efficiency of clustering. The result of clustering is very accurate in descri-

bing the consumption data of customers. Clustering results can provide data support for accurate service recommendation of

banks.
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Fig. 1 Recommendation process
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Fig. 2 Nearest neighbor selection
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Fig. 3 Clustering results of two samples
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Fig. 4 Clustering results
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Fig.5 Comparison of running time
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