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ABSTRACT Medical records, as an essential part of the health care records of residents, save all the information about the clinical
treatment of patients, which are traditionally written by doctors on paper. With the development of information technologies, electronic
medical records that are more easily saved and managed gradually replace the traditional ones. Intelligent auxiliary diagnosis, patients’
portrait construction, and disease prediction based on medical reports have become research hotspots in the field of intelligent medical
care. To fully discover the hidden relationship between symptoms and diseases from the documents saved in electronic medical records,
the development of an efficient named entity recognition algorithm is the key issue. Although several studies have been conducted on it,
there is relatively little research on the information extraction of Chinese electronic medical records. To the best of our knowledge, the
documents in Chinese electronic medical records contain a large number of nested named entities and short sentences. Moreover, there is
weak logic among the sentences, causing a complex syntax structure. To effectively recognize the medical entities, a novel named entity

recognition method based on multifeature embedding and attention mechanism was proposed. After embedding three types of features
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derived from characters, words, and glyphs in the input presentation layer, an attention machine was introduced to the hidden layer of the

bidirectional long short-term memory network to make the model focus on the characters related to the medical entities. Finally, the

optimal labels for the five types of entities in Chinese electronic medical records, including diseases, body parts, symptoms, drugs, and

operations, were obtained. The experimental results for the open and self-built Chinese electronic medical records, recognition accuracy,

recall rate, and F1 value of the proposed algorithm are all better than 97%, which shows that the proposed algorithm can effectively

identify various entities in Chinese electronic medical records.

KEY WORDS Chinese; electronic medical records; named entity recognition; multifeature embedding; attention mechanism
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Table 1 Types of named entities

The entity class Identifier Definition of categories

Diseases B-diseases I-diseases Terms of various diseases

Symptom  B-symptom I-symptom Abnormal physical manifestations

Body B-body I-body Various parts of the human body
Drug B-drug I-drug The names of various medicines
Test B-test I-test Various physical examinations
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Table 3 Performance of NER embedding different features
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Table 2 Distribution of training and test datasets for medical entities

Model Pl% R/% F1/%

Font embedding-BiLSTM-CRF 79.51 80.35 79.72
Char embedding-BiLSTM-CRF 88.61 87.43 87.96

Word embedding-BiLSTM-CRF 85.82 86.87 86.32
CW embedding-BiLSTM-CRF 86.58 87.23 87.62
CWF embedding-BiLSTM-CRF 96.24 97.25 96.94

Dataset Training data Test data
Diseases 856 382
Symptom 3845 1526
Body 563 214
Drug 657 289
Test 3426 1647
Total 9347 4058
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Table 4 Performance of NER with attention

Model Pl% R/% F1/%

Font embedding-BiLSTM-Att-CRF 92.46 93.12 92.68
Char embedding-BiLSTM-Att-CRF 93.41 93.56 93.49

Word embedding-BiLSTM-Att-CRF ~ 96.36 96.18 96.21
CW embedding -BiLSTM-Att-CRF 96.52 96.18 96.45
CWF embedding -BiLSTM-Att-CRF ~ 97.21 97.83 97.54

PR S HE . A, X e 2 FR
) 725 8 5 2% 4Bt HL3% ( Transformer-CRF) . BiLSTM-
CRF, MFBAC 3% i F1 & ] S0, 7 SC T $ 5598 %
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TEHR 24tk 45 (0 o A IR AR 28 SR, A 3575 A g
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Table 5 Comparison of the performance of different NER models

P/ R/ F1/ Loading Testing

Model % % % time/s time/s
Transformer 85.46 86.32 85.68 433 12.6
BiGRU-CRF 85.87 86.23 86.14 2.95 9.4
BiLSTM-CRF 88.61 8743 95.16 3.21 9.81

Attention-BILSTM-CRF 94.52  96.18 96.45 3.56 10.56
Transformer-CRF 9532 94.62 94.14 5.32 13.57
MFBAC 9721 97.83 97.54 434 11.68
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Fig.2 Comparison on the F1 values of different NER models
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