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Classification for Online Commodity Reviews
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Abstract:Generally,there are multiple attribute-dimensions to describe a commodity.It is the foundation of text

mining to accurately find the attribute-dimensions involved in commodity reviews.The Random K-Labelsets (RAKEL) is

an accomplishment of problem transformation in multi-label classification.However,due to the randomness of sub-labelset

and the lack of investigating into the relationship among labels,the classification accuracy of RAKEL is not high.Hence,an

improved RAKEL algorithm (FI-RAKEL) is proposed.Firstly,the item-frequency sets of labels are obtained through the FP-

Growth algorithm.Then,labels are selected from the item-frequency sets and the original label set respectively to generate

a new k-labelset and it is used to train the corresponding classifier based on correlation among labels.The experiment result

shows that the proposed FI-RAKEL algorithm brings higher classification accuracy for multiple-labeled reviews.
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for i«1 tomin(m,L")

it (i<|F])

Y, <-i—th frequent item f; of labels selected from F+
(k—|f) 1abels randomly selected from L not in f;

else

Y, <—a k-labelset randomly selected from L

endif

if (Y, not in R)

put Y, in R

else

repeat 3 to 12

endif

train an LP classifiers : X — P(Y;) on D

endfor
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