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Abstract: In existing medical entity recognition models, most of them cannot fully extract and utilize the lexical information in the
text sequence, and their model structures are complex. This makes these models face problems such as inaccurate entity boundary
recognition and poor robustness when dealing with medical texts. Additionally, most word-granularity based named entity recogni-
tion (NER) methods are not perfect in solving the problem of information omission. To address these problems, a named entity rec-
ognition model based on word fusion and adversarial training is proposed in this paper. The model uses a pre-trained model BERT to
obtain word vectors of text sequences. Then the SoftLexicon is used to introduce lexical information and add perturbation samples
generated by adversarial training to the word vectors. Finally, the BILSTM-CREF is used to extract features and obtain sequence anno-
tation results. The proposed model is experimented on the datasets CCKS2019 and CCKS2020, where the F1 values reach 85.07%
and 90.39%, respectively. The experimental results show that compared with the baseline model, the 1 value of this model has in-
creased by 2.31% and 2.88%, indicating that the combination of word fusion method and adversarial training can effectively identify

medical entities.
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Fig. 1 Model structure based on SoftLexicon with adversarial training
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Fig.2 Schematic diagram of vector fusion method
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