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A Distributed Dynamical Classification System for Data Grid
and Its Application in Breast Cancer Grid
WANG Kun, LI Sarr li, CHAI Yurr peng, WANG Xiao-ying
(Dearment  Canputer Science and Technology , Tsinghua University , Bejing 100084, China)

Abstract:  As a service oriented architecture, data grid provides digributed data access, storage and management for remote
users. It has become growing concern among developers about the data classification issue in data grid envionment. T his paper pro-
poses a higlr efficient system used n data grid which makes dynamical synthesis of multiple methods( DSM M) , disributes workloads
to each node of the grid with the load balance premise, and improves the low classification accuracy points of traditional methods.
In gite of that, as an application in loose coupling grid environment, DSMM, which provides life time management of multiple clas
sification methods, guarantees its robustness and flexibility. Experiment uses 2927 breast cancer cases and proves that the D SMM
system has flexibility, high efficiency and increases the classification accwracy in data grid.
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