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Abgtract : A multi-label classification algorithm based on association rules (MLAC) is proposed, which uses multi-
label FP_tree to resolve multi-label data and merger labels with the same attributes to generate multi-label rules. The
classfication prediction is conducted by assembling the classfiers. So the computational complexity brought by high
dimensional attribute decreases while the performance and efficiency increases. The results of subsequent experiment
based on multi-label data show that ML AC achieves better performance and eficiency than ML- KNN and other multi-

label classfication algorithms.
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