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Discussion on Methods of Terminology Recognition in TCM Medical Records
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Abstract: Objective To explore how to use the small amount of labeled corpora in the field of TCM to
conduct research on named entity recognition (NER) of medical entity information in electronic medical records
(EMR); To provide references for the application of more complex information processing of TCM EMR and in-
depth learning methods in the field of TCM. Methods Specificity of vocabulary and terminology of TCM EMR
compared to general NER tasks was analyzed, and the advantages and disadvantages of the current three NER
technologies were compared, so as to find the named entity recognition technologies suitable for medical
terminology of TCM EMR. Results As an unsupervised learning model, long and short-term memory (LSTM)
neural network could effectively utilize long-distance dependent information in sequential data, especially
suitable for processing text sequence data. It could also be combined with conditional random field model (CRF)
to solve the difficulty of NER in TCM. LSTM-CRF model could learn word features in unsupervised condition
in unmarked medical record text corpus, and could automatically extract named entities such as symptoms,
diseases and causes of patients without relying on the artificial design of feature templates. Conclusion TCM

EMR should be applied to multiple NER technologies, making full use of the advantages of these technologies
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and improving the accuracy of model recognition.

Key words: named entity recognition (NER); long and short-term memory (LSTM); conditional random

fields; TCM electronic medical records (EMR)
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