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With the development of contextual embeddings such as Bidirectional Encoder Representations from Transformers
(BERT), the performance of information extraction from free texts by natural language processing has remarkably
improved in both the general and medical domains.

When we perform natural language processing in Japanese, we need to apply tokenization by morphological analysis
or other methods in pre-processing. In the general domain, several Japanese pre-trained BERT models with different
morphological analyses have been published, however, in the medical domain, only one model has been published
yet.

We have reported that it is possible to pre-train a practical Japanese medical BERT model from a small corpus.
Therefore, we evaluated some tokenization methods (morphological analysis with MeCab or subword segmentation
with SentencePiece) suitable for Japanese medical BERT models in terms of the medical document disease domain
classification task. We confirmed that the accuracy varies by 1.11 points depending on the different tokenization
methods. We also confirmed that the models we pre-trained had about 4 points higher accuracy than the published

models.
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