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Prediction study of side effects
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Abstract : While X-ray contrast agents for CT provide useful information for imaging, there is also the risk of

various side effects occurring. The side effects of contrast agents not only significantly reduce the patient's QOL but

also increase the risk of additional treatment. In order to solve these problems, the side effects of contrast agents

should be expressed in basic patient information on the electronic medical record (biochemical data, concomitant

drug information, etc...). Therefore, it is considered that the medical safety of drugs can be further improved by

predicting the onset of the drug before the procedure. Therefore, in this study, we tried to determine the presence or

absence of side effects in CT X-ray contrast media. As a result of learning and evaluation using machine learning

CART, Random Forest, and XGBoost algorithms, the accuracy of test data is about 0.55 for CART, and about 70%

for Random Forest and XGBoost. It was confirmed.

Keywords: Machine learning , XGBoost ,Feature Importance Score
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