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Abstract

Auto insurance claims data are commonly characterized by imbalanced claim occurrence, heavy-
tailed claim severity distributions, and highly nonlinear risk features, posing substantial challenges
for risk premium modeling. This paper proposes a risk premium modeling framework thatintegrates
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machine learning techniques with the Expectile premium principle. The framework consists of two
components: a two-stage pure premium model and a Bayesian Expectile Additive Regression Tree
(BEART)-based risk loading model, which are employed to characterize claim occurrence probabil-
ity, conditional cumulative claim amounts, and tail risk features of the claims distribution, respec-
tively. Empirical results demonstrate that the proposed framework exhibits strong performance in
risk discrimination, tail risk characterization, and predictive stability, providing a reliable model-
ing basis for risk premium determination in complex motor insurance risk environments.
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Figure 1. Research framework of the proposed methodology
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Table 1. Performance comparison of claim occurrence probability models in auto insurance

# 1. ETHERHEHRER ZIEARLE

Model AUC AUPRC HER & UTES EEJEES F1 4340
Logit 0.665 0.632 0.601 0.565 0.890 0.691
BART 0.698 0.663 0.617 0.574 0911 0.705
RandomForest 0.788 0.777 0.689 0.633 0.904 0.745
XGBoost 0.793 0.774 0.697 0.641 0.902 0.749
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Figure 2. Distribution of log-transformed cumulative claim amounts
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Table 2. Performance comparison of models for cumulative claim amount prediction

2. ETHERRTREIRE R IEIRELE

Model MSE RMSE MAE
RandomForest 1.351163 1.162395 0.7958445
XGBoost 1.730985 1.315669 0.9437754
BART 1.273390 1.128446 0.7668005
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Table 3. Performance comparison of risk loading models

7= 3. KBS AREY £ e AREL AL

Model WMAD WMSE
RandomForest 0.3921060 0.5940003
XGBoost 0.4604460 0.7806970
BART 0.3708921 0.5424180
BEART 0.2604471 0.4444054
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