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Application of Named Entity Recognition in the Recognition of Words for
Chinese Traditional Medicines and Chinese Medicine Formulae
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100029, China)

Abstract Objective: To identify words of Chinese traditional medicines, and Chinese medicine formulae by
using Named Entity Recognition (NER) and compare the performance of two NER methods. Methods: The first
method was to use the off-the-shelf programming modules, like “Jieba” Chinese word segmentation module, to
segment sentences into words, and then to recognize the target keywords through word-matching. The second
method was to build and train a neural network model-- Bidirectional Long Short-Term Memory (BLSTM)
specially for recognizing the words of the Chinese traditional medicines, and the Chinese medicine formulae.
The two possible methods were used to implement NER. Then, the performance of these two methods was
compared. Results: The current off-the-shelf programming modules for Chinese word segmentation were unable
to segment the words of the Chinese traditional medicines, and the Chinese medicine formulae accurately, which

led to inaccurate word matching accordingly. By contrast, the trained BLSTM not only avoided the possibility of
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inaccurate word segmentation, but also surprisingly exhibited better capability in dealing with the ambiguity of

words. Conclusion: When NER was applied to identifying the words, it is more suitable to recognize the words of

Chinese traditional medicines and Chinese medicine formulae directly by training neural network model than to

segment words before recognition by the off-the-shelf programming models.
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