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Machine Learning-Based Prediction Technology for Medical Treatment Period
of Automobile Insurance Accident Patients

Kyung-Keun Byun*, Doeg-Gyu Lee**, Hyung-Dong Lee**

ABSTRACT

In order to help reduce the medical expenses of patients with auto insurance accidents, this study predicted the treatme
nt period, which is the most important factor in the medical expenses of patients in their 40s and 50s, and analyzed the fa
ctors affecting the treatment period. To this end, a mechine learning model using five algorithms such as Decision Tree w
as created, and its performance was compared and analyzed between models. There were three algorithms that showed go
od performance including Decison Tree, Gradient Boost, and XGBoost. In addition, as a result of analyzing the factors affe
cting the prediction of the treatment period, the type of hospital, the treatment area, age, and gender were found. Through
these studies, easy research methods such as the use of AutoML were presented, and we hope that the results of this stu
dy will help policies to reduce medical expenses for automobile insurance accidents.

Key words : Machine Learning Models, the Prediction of the Treatment Period, Car Insurance Accidents, the Factors
Affecting the Treatment Period, AutoML
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