1N4-J-9-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

HEePZE I L5 EROEM

A Al

Chemical Named Entity Recognition with Self-Training
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In this paper, we propose to use self-training for chemical named entity recognition. We first train a neural
network-based model for chemical named entity recognition model using the CHEMDNER corpus. The trained
model is used to annotate the unlabelled MEDLINE corpus to create automatically labelled training data. We
then use both training data, manually labelled CHEMDNER, corpus and automatically labelled MEDLINE corpus,
to train our final model. The evaluation using the unlabelled MEDLINE corpus as training data showed that the
effectiveness of self-training in the chemical named entity recognition task.
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200 % | 0.867 0.812  0.839
250 % | 0.877  0.800  0.836
300 % | 0.849 0.832  0.841
350 % | 0.877 0.800  0.836
400 % | 0.875 0.801  0.836
450 % | 0.883  0.804  0.842
500 % | 0.860  0.822  0.841
550 % | 0.883  0.804  0.837
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