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Abstract Imbalanced data exists widely in the real world, under such circumstances, most traditional classification algo-
rithms assume the balanced data distribution, which results in the classification outcome offset to the majority class, so
the effort is not ideal. The enhanced AdaBoost based on the clustering ensemble under-sampling technique was proposed
in this paper. The algorithm firstly clusters the sample data by clustering ensemble, according to the sample weight. And
the majority class from each cluster in certain proportion are randomly selected and then merge with all minority class to
generate a balanced training set, By use of the AdaBoost algorithm framework, the algorithm gives different weight ad-
justment to the majority class and the minority class respectively,and selectes several base classifiers with better effect

to get the final ensemble, The experiment result show that: this algorithm has a certain advantage dealing with unbal-

anced data classification.
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