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The Study on Classification of Secondary Complications of Diabetes
Based on Rough Set and Random Forest
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(1. School of Computer Jiangxi University of Traditional Chinese Medicine Nanchang Jiangxi 330004 China;
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Abstract: The paper study on classification of secondary complications of diabetes based on rough set and random
forest. First using the simplified matrix method for attribute reduction clearly have new decision information sys—
tem; second by random forest algorithm to generate random forests for the new information system and gain the clas—
sification result. The method has been proved feasible and effective after test the database it’s classification result
are better than directly with random forest algorithm.
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