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Abstract; To solve the low classification accuracy oreven misclassification issue in fault diagnosis, a text
classification method based on hierarchical category embedding is proposed in information and communi-
cation technology (ICT) customer service systems. First, a hierarchical label system is constructed for
the failure data in power ICT systems based on the textual data of the work orders. Then, hierarchical
deep pyramid convolutional neural networks ( HDPCNN) and hierarchical disconnected recurrent neural
networks are proposed, which adopt hierarchical category embedding technique for level-by-level fault
type classification. The experimental results show that the hierarchical text classification algorithm HDPC-
NN has the best classification accuracy, which can provide efficient and accurate services for fault type
recognition.
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