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Medical Named Entity Récognition Based on Deep Learning

JIA Yang-Chun, ZHU Ding-Ju
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: Medical named entity recognition refers to the extraction of key information from massive unstructured
medical data, which provides a foundation for the development of medical research and the popularization of smart
medical systems. Deep learning uses deep nonlinear neural network structures to learn complex and abstract
characteristics, which can represent data more essentially. Deep learning models can significantly improve the effect of
medical named entity recognition. First, this study introduces the unique difficulties and traditional methods of medical
named entity recognition. Then, it summarizes models based on deep learning and popular model improvement methods,
including the improvement of feature vectors and the ways to deal with difficulties such as a lack of data and the
recognition of complex named entities. Finally, the study provides an outlook on future research direction through a
comprehensive discussion. / ‘

Key words: named entity recognition (NER); deep learning; recurrent neural network (RNN); natural language processing
(NLP); attention mechanism; artificial intelligence
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