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[ Abstract] The recognition of named entities in Chinese clinical electronic medical records is one of the basic tasks to realize smart
medical care. Aiming at the insufficient text semantic representation of the traditional word vector model and the inability of the
recurrent neural network (RNN) model to solve the problems of long—term dependence, a Chinese clinical electronic medical record
named entity recognition model XLNet-BiLSTM-MHA-CRF based on XLNet is proposed. Use the XLNet pre-training language
model as the embedding layer to vectorize the medical record text to solve the problem of ambiguity; use the bidirectional long and
short—term memory network ( BiLSTM) gate control unit to obtain the forward and backward semantic feature information of the
sentence; Then input the feature sequence to the multi—head attention layer ( multi—head attention, MHA ), use MHA to obtain
information represented by different subspaces of the feature sequence, enhance the relevance of context semantics and eliminate
noise; finally, input the conditional random field CRF to identify the global maximum ff; sequence. The experimental results show
that the XLNet—BiLSTM-Attention—CRF model has achieved good results on the CCKS-2017 named entity recognition data set.
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Fig. 1 The structure diagram of ALBERT -BIGRU-MHA - CRF
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Fig. 4 LSTM unit structure diagram
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Tab. 3 The results of each model experiment were compared

FeRAE Y

el PR AR ik

PRI SR e PG £ N4 vd
BiLSTM-CRF P 76.52 94.15 93.27 72.56 83.95 88.61
R 75.84 95.76 91.80 75.77 85.35 90.27
F1 76.18 94.95 92.53 74.13 84.64 89.43
Bert-BiLSTM-CRF P 78.16 94.59 94.25 73.51 84.76 89.73
R 76.43 95.89 93.81 76.43 86.71 90.14
Fl1 77.29 95.24 94.03 74.94 85.72 89.93
XLNet-BiLSTM-CRF P 80.73 95.02 94.96 74.98 85.61 91.43
R 77.84 96.10 94.67 75.32 88.59 90.82
F1 79.26 95.56 94.81 75.15 87.07 91.12
XLNet-BiLSTM-MHA-CRF P 81.61 95.47 95.28 75.65 87.48 92.07
78.85 96.41 95.72 76.23 89.79 91.41
Fl1 80.21 95.94 95.50 75.94 88.62 91.74
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