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Algoritm Realization of mproved KM eans
Clustering A lgoritm in Credit Analysis of Policyholders

ONG Jia-sheng, CHEN Yan
(School of Econamy M anagement, Harbin University of Science and Technology, Harbin 150040, China)

Absdtract: In order b Dlve the problen that the analysis of policyholders information lack of considering ©
analyse policyholders credit, thispgoer gives a kind of K-means clustering algorithm that further improved initial
center of cluster on envirorment condition for large sample in temsof cluster analysis theory and trait of policyhold-
ers database, invegtigates that the algorithm excavates the practice application of policyholders’ credit analysis
through clients datum of a property insurance company.
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