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Interpretation trial of Nephrosis prediction model based on deep learning
with clinical time-series data.

*Yohei Yamasaki*!, Shusuke Hiragi*!?, Osamu Sugiyama™, Shosuke Ohtera*?, Goshiro Yamamoto™,
Hiroshi Sasaki*?, Kazuya Okamoto*!?, Masayuki Nambu*?, Tomohiro Kuroda*'*?

*1Graduate School of Informatics Kyoto University, *2 Kyoto University Hospital

Nephrosis is a disease characterized by abnormal protein loss from impaired kidney. The disease sometimes results in
acute kidney injury, venous thrombosis, or severe infection due to lowered oncotic pressure and immunoglobulin loss.
Therefore, early detection is preferable for patients. The early prediction of the nephrosis is essential and, in order to
introduce the prediction in clinical practice, both "early prediction with high accuracy" and "interpretation of the
prediction" are required. In this research, we aimed to develop an early prediction model using machine learning from
clinical time series data, that can predict the rise of nephrosis with high accuracy as well as being able to interpret the
prediction result for the doctor. In order to develop an accurate nephrosis prediction model, we collected time series
of 12 anonymized specimen examination data with 2,000 patients who visited in Kyoto University Hospital. In order
to deal with time series information, we adopted Recurrent Neural Network, which is capable of recognizing
sequential data patterns, to improve prediction accuracy. For the interpretation of the prediction results, we introduced
Local Interpretable Model-agnostic Explanations (LIME) which can interpret the trained prediction model with the
combination of Linear Classifiers, and interpreted the trained RNN prediction model using LIME. In the experiment,
we evaluated our proposed nephrosis prediction method and those with SVM and Random Forest, and verified that
the developed mode has higher accuracy compared with those of SVM by 5-fold cross validation.

Keywords: Nephrosis, Machine Learning, Decision Support Techniques, Data Interpretation, Statistical
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