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Abstract Under the new normal of economy, the prediction of premium income is a topic of common concern in academia and in-
dustry. Considering the strong seasonality of the time series data of premium income,an X12-LSTM model based on long short-
term memory neural network is constructed to predict premium income,and compared with simple LSTM model, SARIMA model
and BP neural network in this paper. Experimental results show that X12-LSTM model is the most accurate and stable model to
predict premium income. Compared with simple LSTM model, the X12-LSTM model achieves an improvement of 8% in accuracy

and 8% in stability, which shows that X12-Istm model is an effective improvement on simple LSTM model and is more suitable

for data prediction with seasonality.
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Fig. 2 Monthly premium income data series
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