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Medical text entity relationship recognition model based on XLNet
ZHENG Zengliang, SHEN Zhoufeng, SU Qianmin

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] At present, in the task of extracting the entity relationship of medical texts, the traditional word vector representation
method cannot solve the problem of polysemous words in medical texts. In addition, the extraction of semantic local features of texts
based on long and short—term memory networks is not sufficient, which could not capture the internal related information hidden in
medical texts. To address the problem, a medical text entity relationship extraction model based on XLNet—BiGRU - Attention —
TextCNN is proposed. Use the pre—trained language model XLNet to convert the input medical text into vectors, and connect the
bidirectional gated recurrent neural network (BiGRU) to extract the long—distance dependence of the text sentence, then use the
attention mechanism ( Attention) to assign weights to the feature sequence, thereafter reduce the impact of noise, finally use the
Text Convolutional Neural Network ( TextCNN) to extract local features of the sequence and output the relationship extraction results
through the softmax layer. Experimental results show that the model proposed in this paper is better than the benchmark model in
terms of accuracy, recall and F value.

[ Key words] medical text; medical entity relationship extraction; XLNet; two—way gated recurrent unit; attention mechanism;
TextCNN
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Tab. 2 Experimental results of different loss functions %
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Tab. 3 Experimental results of different models %
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