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Developing Japanese disease normalization system
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*1 Nara Institute of Science and Technology

[Background] Extraction and normalization of the disease names appearing in medical documents, such as medical
records and case reports, are important for knowledge acquisition and retrieval systems from text inputs. In English,
standard tools for disease name extraction and normalization have been available. In Japanese, however, such tools
are limited to rule-based primitive implementation, which can only handle the names of diseases with similar
expressions. This study adopted a normalization method for Japanese disease names. [Methods] We used a TF-IDF-
based ranking method to normalize disease names by linking them to standard disease names defined in the
Standardized Disease Master. We evaluated the performance of 1) 30,415 pairs of standard names of diseases that
are extracted from medical records and discharge summaries, and 2) 2,121 disease names in 49 simulated medical
records used in the MedNLP2, a shared task of NTCIR11. [Results and discussions] We obtained an accuracy of
0.69 in the normalization of disease names, and an F value of 0.459 in the extraction and normalization of disease
names. Conversion between different Japanese characters and the mixture of English, make the normalization
difficult, which implies usefulness of a method that takes into account the linguistic characteristics of Japanese
medical documents. We published the developed tools and discussed the possibility of their future development.

Keywords: Disease Name Normalization, Word Sense Disambiguation, Natural Language Processing,
Electronic Health Records, Named Entity Normalization.
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