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Factuality Analysis of Pain Expressions in Clinical Notes
Daisaku Shibata®™', Yoshimasa Kawazoe™, Emiko Shinohara™, Eiji Aramaki"'

*1] Nara Institute of Science and Technology, *2 Graduate School of Medicine, The University of Tokyo

[Background] Sharing information for pain between medical staffs and pain management of patients are significant
in medical domain. However, information for patient’s pain is generally written as a free text in clinical notes.
Therefore, it is extremely challenging to extract it from clinical notes. In this study, we attempt to extract pain
expressions from clinical notes and conduct factuality analysis of them with Natural Language Processing technique.
[Material] Clinical notes are obtained from The University of Tokyo Hospital which were generated in July, 2016.
These are divided into sentences based on space, indention and comma. and 10, 000 sentences are randomly selected
from them. Medical experts annotate pain expressions in the data.

[Methods] We apply machine learning technique to extract pain expressions from the data. Our machine learning
model use a Bi-LSTM CRF model that is composed of embedding layer, Bi-directional Long Short-Term Memory
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and Conditional Random Fields.

[Result] Our model achieved the maximal average F1 score of 52.48 (Maximum value is 87.12).
[Discussion] The experimental results show that our model could extract pain expressions with the practical

accuracy.

Keywords: Natural Language Processing, Machine Learning, Medical Informatics, Pain
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