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Chinese Medical Named Entity Recognition Based on Lexicon and Multi-feature Fusion

LEI Yuxiang, LIAO Tao

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective A Chinese medical named entity recognition model based on lexicon and multi-feature fusion is
proposed to address the problems in existing methods, including the cascading errors caused by word segmentation that
affect the entity recognition effect and the issue of how to construct and fuse high-quality medical entity features. Methods
Firstly, the model fused the information of characters and medical vocabulary with the lexicon matching mechanism and
Lattice structure. It obtained relative position embeddings by using the relative position information of words and
characters, and encoded Chinese character pinyin to get pinyin embeddings. Then, a fusion Transformer model was
proposed to mine the complementarity between different features, so as to enhance the vocabulary information and promote
better fusion of word and character information and pinyin information. Finally, the character representation fused with
multiple features was input into a conditional random field to obtain predicted labels. Results Experimental results on the
CCKS-2019 and Resume datasets demonstrated that the proposed method achieved notable improvements across multiple
evaluation metrics. Conclusion The proposed method effectively avoids the negative impact of word segmentation errors on
named entity recognition. It achieves efficient fusion of various medical entity features through the fusion Transformer
model. As a result, it significantly enhanced the model” s ability to recognize word boundaries, thereby improving the
accuracy of medical entity recognition. This provides strong support for the subsequent construction of medical knowledge
graphs and the realization of intelligent medical diagnosis.
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Fig.1 Chinese medical named entity recognition model based on lexicon and multi—feature fusion
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Fig. 6 Diagram of mainstream multi—feature fusion methods
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Table 4 Comparison results of mainstream models /%

o CCKS-2019 Resume
% B - -
SP ‘SR bm SP SR Slfl
Lattice LISTM!') 83.20 84.86 84.02 94.81 94.11 94.46
FLAT!! — — 829 — —  95.40

SoftLexicon'™  84.21 8510 84.65 95.30 95.77 95.53
BMECT™ 84.96 8529 8512 95.71 96.23 95.97
ACNN™! 83.07 87.29 8513 9491 96.43 95.67
RS AER 84.83 86.17 8549 96.06 95.88 95.97
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Table 5 Ablation results of multi—feature fusion coding layers /%
- CCKS-2019 Resume
Sp Si Spy Sp Sy Spy
BEA 1 (R AR —BFF Transformer) 84.50 84. 11 84.30 95.56 95.31 95.43
B 2 ( A LAEA! - Lattice Transformer) 84. 39 84. 04 84.21 95.33 95.26 95.29
A 3( AR AR —Lattice& #FF Transformer) 83. 87 84.12 83.99 94. 28 94. 47 94. 37
ALAEA 84. 83 86.17 85.49 96. 06 95. 88 95.97
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Fig.7 Comparison of convergence speed of CCKS—-2019 dataset
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