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Abstract

In this study, a named entity recognition
was constructed and applied to the
identification of Chinese medicine names
and disease names. The results can be
further used in a human-machine dialogue
system to provide people with correct
Chinese medicine medication reminders.
First, this study uses web crawlers to sort
out web resources into a Chinese medicine
named entity corpus, collecting 1097
articles, 1412 disease names and 38714
Chinese medicine names. Then, we
annotated each article using TCM name
and BIO tagging method. Finally, this study
trains and evaluates BERT, ALBERT,
RoBERTa, GPT2 with BiLSTM and CRF.
The experimental results show that
RoBERTa's NER system combining
BiLSTM and CRF achieves the best system
performance, with a precision rate of 0.96,

arecall rate of 0.96, and an F1-score of 0.96.
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Input:
The man [MASK1] to [MASK2] store
Label:

[MASK1] =

went ; [MASK2] = store
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Input:

The man went to the store [SEP] he bought
a gallon of milk

Label:

IsNext

Input:

The man went to the store [SEP] penguins
are flightless birds

Label:

NotNext
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4 Experimental Results and Discussion
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BERT ALBERT
P R F1 P R F1
SYMP 0.66 083 0.74 0.89 0.88 0.88
T™MC 05 0.56 0.53 0.68 0.75 0.71
micro avg 0.86 091 0.88 0.93 0.94 0.93
macro avg 0.79 085 0.82 0.89 0.9 0.9
weighted avg 0.88 091 0.89 0.93 0.94 0.94
P: ¥ 1i#/Z; R: A A3 F1: Fl-score
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SYMP 0.92 0.91 0.92 0.82 0.79 0.81
T™C 0.8 0.79 0.79 0.66 0.62 0.64
micro avg 0.96 0.96 0.96 0.93 0.92 0.92
macro avg 0.93 0.92 0.93 0.87 0.85 0.86
weighted avg 0.96 0.96 0.96 0.93 0.92 0.92
P: ¥5HESE; R: 7 [FI%; F1: F1-score
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5 Conclusion and future work
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