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A study on medical named entity recognition based on deep learning
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[ Abstract]

history, examination results, diagnosis and treatment plans, and is an indispensable data source to support

Electronic medical record contains important medical information such as patients' medical

intelligent medical research. However, due to the diverse and complex linguistic representations of electronic
medical records, it is often difficult for medical professionals to extract and analyze information quickly and
accurately. Named entity recognition based on deep learning has become a core technology for automated
information extraction from electronic medical records. However, the complexity of medical natural language
processing and the uniqueness of medical entities lead to the challenges of named entity recognition in electronic
medical records. In this paper, medical entity recognition is accomplished by constructing a BERT-MNER model
training dataset and using a BERT pre-trained language model to obtain contextually relevant embedding
representations of each word, combined with BILSTM and CRF layers. The experimental results show that the
BERT-MNER model can identify medical entities in electronic medical records more effectively than the named
entity model based on a single deep learning network.
[ Keywords] Electronic medical record; BERT--MNER model; Deep learning; Named entity recognition
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