cASE STUDY IR

doi:10.3772/j.issn.2095-915x.2019.01.010

FE T IREE S o Iy v b= MRS 44 S SIS

‘ (&ERS)
B AR R %6
(0SID)

LAtRITBEAFER 6= 100875;
2 JEERIRRF I ENSBETREF B b5 100083

WE: AETWHPEHEFENIIREREZR. DlERESEERIURESR T AN TIEF N ERE
B, BH T —MEFREFINFEMREGELEIRGNGE, RIEFEREIERHSER TRAY
REFIRUESR, UFEHENFOQE BN, REETFNOKEICIZEE M SIS
( BILSTM-CRF ) FUSCIRIRBIREY, XI ( EHRE ) FRIFEINRG A RFEEE. FERFE. FEBA.
BNEESE 5 MSHARHITIRG!, FBREN 85.44%, BEIZEA 85.19%, F1{EN 85.32%, fEAERIAVHE
HENER HH T KEX AT, WiE NZmENEM . SRR 125 AE8UEe 7 PEHEE
AUSHRIRBI AR, RREFITFHRERMNEMEN —REEMEN=N, B8 —EstEKE N,
XA mEXR; REFES,;, HE; EFAE

FEIS#ES: G35 TP182 R221

Research on Named Entity Recognition of TCM Classics Based on Deep

Learning

GAO Su' JIN Pei’ ZHANG Dezheng’

1. Beijing Normal University Hospital, Beijing 100875, China;
2. School of Computer and Communication Engineering University of Science and Technology Beijing, Beijing 100083,
China

Abstract: Aiming at the problems of complex knowledge system, difficult word segmentation and inaccurate artificial construc-

tion of the Chinese medical classics, a method of named entity recognition of Chinese medical classics based on deep learning is
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proposed. According to the characteristics of Chinese medical classics and mainstream deep learning model, taking the character
vectors of Chinese medical classics as input, a column labeling model based on Bidirectional Long Short Term Memory neural
network and conditional random field (BiLSTM-CRF) is adopted to recognize the cognitive methods, physiology, pathology, na-
ture and therapy in Huangdi Neijing. The recognition accuracy is 85.44%, the recall rate is 85.19%, and the F1 value is 85.32%.
Besides, a large number of comparative analysis experiments have been done on the same corpus of TCM classics to verify the
effectiveness of the method. The results show that the method significantly improves the recognition accuracy of entities in TCM

classics, and makes a valuable attempt in the field of special corpus processing, which has a certain practical significance.
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