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Abstract : The evaluation of clustering result is a comprehensive problem. Proposed a new clustering evaluation algorithm based on decision
tree, it verified the decision tree algorithm actually was a fuzzy clustering evaluation process, so it can use decision tree algorithm to evalu-
ate clustering result, then proposed a new theorem on the basis . It used UCI data with precise clustering result to verify the efficiency of
the combination algorithm, in the experiment it first used K — means algorithm to get different clustering results, then used C5.0 algo-

rithm to evaluate these results, the best result is close to original clustering result, so it demonstrates the efficiency of the algorithm. At last

it gave a practical example of customer segmentation in security.
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