BERT 7z AW ERXEN L DEFRTMH
OF %y Bt ¥ b Fl (BRE LK)
Named Entity Recognition from Medical Documents by Fine-Tuning BERT
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Abstract— In recent years, electronic health records(EHRs) have rapidly become widespread.Large-scale
medical data contains useful information and is one of the data that is expected to be utilized. The descrip-
tion content of EHRs contains many non-grammatical and fragmented expressions. The technology that
automatically recognizes named entities in a document is called Named Entity Recognition, and is essential
for maximizing the use of document data and applying it to various tasks of natural language processing. In
this research, in addition to extracting disease names and symptoms from EHRs using BERT, we also iden-
tified modality (5 types) that represent the subjectivity of speakers and writers. The results were compared
using multiple BERT models pre-trained with the Japanese corpus.
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Table 3: Statistics of the created dataset
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Fig. 1: BERT model architecture.
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Table 4: Pre-training of BERT model

Model \ Pre-training corpus \ Tokenization \ Vocaburaries
tohoku-char-BERT Wikipedia character 4,000
tohoku-BERT Wikipedia Mecab(IPA ##Z) + Wordpiece 32,000
tohoku-wwm-BERT Wikipedia Mecab(IPA &) + Wordpiece 32,000
UTH-BERT Clinical text Mecab(NEologd, /ifi&#E) + Wordpiece 25,000
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Table 5: Comparison of Named Entity F1

Model ‘ Micro-F1
tohoku-char-BERT 0.919
tohoku-BERT 0.894
tohoku-wwm-BERT 0.907
UTH-BERT 0.931
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Table 6: Comparison of modality labels by BERT models

Model Positive Negative Suspicion
WEE | mEE ] F1 [ EAER[HEE] F1 | #EAX | HEE ]| F1
tohoku-char-BERT | 0.927 | 0.953 | 0.939 | 0.930 0.946 | 0.938 | 1.000 | 0.897 | 0.931
tohoku-BERT 0.909 0.957 | 0.932 | 0.937 | 0.934 | 0.934 | 0.986 | 0.900 | 0.926
tohoku-wwm-BERT | 0.907 | 0.958 | 0.932 | 0.941 0.943 | 0.940 | 0.986 0.883 | 0.910
UTH-BER 0.932 | 0.944 | 0.938 | 0.952 | 0.957 | 0.954 | 1.000 | 0.893 | 0.927
Family Family+Negative
WEE [ MO | F1 | BAE | HE | FI
0.990 0.848 | 0.904 | 0.991 | 1.000 | 0.995
0.974 0.697 | 0.753 | 0.985 0.947 | 0.961
0.972 0.768 | 0.827 | 1.000 | 1.000 | 1.000
0.993 | 0.943 | 0.965 | 1.000 | 1.000 | 1.000
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Fig. 2: Micro-F1 change by number of epochs
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