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Named entity recognition of diabetes based on ALBERT and BILSTM

MA Shiyu, HUANG Runcai
School of Electrical and Electronic Engineering, Shanghai University of Engineering and Technology, Shanghai 201620, China

Abstract: Named entity recognition of diabetes is able to identify useful key information from the literatures related to diabetes,
which is helpful for the diagnosis and treatment of diabetes. A named entity recognition method based on a lite BERT (ALBERT)
and bidirectional long short-term memory network is proposed for solving the problems of BERT such as single semantics and
limited vocabulary. In addition, the shortcomings of time consuming and high resource cost of dynamic word vector training are
also improved. The experiment is carried out on the diabetes data set and then compared with the existing mainstream models.
The results show that the entity recognition effect of the model with ALBERT is higher than that of the existing mainstream models,
and that the training speed of ALBERT is faster than that of BERT.
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Fig.4 Changes in various indicators of ALBERT model
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Fig.5 Comparison of F1 values of different model
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