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Long Method Detection Based on Cost-sensitive Integrated Classifier

LIU Li-qian DONG Dong

(College of Mathematics and Information Science, Hebei Normal University, Shijiazhuang 050024, China)
Abstract Long method is a software design problem that requires refactoring because it is too long. In order to improve
the detection rate of traditional machine learning approaches on long method,a cost-sensitive integrated classifier algo-
rithm was proposed from the viewpoint of unbalanced sample data of code smell. Based on the traditional decision tree
algorithm, the under-sampling startegy is used for resampling,then a plurality of balanced subsets are generated. These
subsets are trained to generate a plurality of same base classifiers. Finally,the mistaken classification cost determined by
the cognitive complexity is complemented to the integrated classifier. The cost makes the classifier inclined to the accu-

racy rate of the minority categories. Compared with the traditional machine learning algorithm, this method has im-

proved the precision and recall for detection result of long methods.
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