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ABSTRACT

This study proposes a two-stage prediction model for fund risk ratings using machine learning. In step 1,
the GARCH model, the LSTM model and the GARCH-LSTM model, which combines the two models, are
used to predict 1-month volatility. In step 2, the volatility and other important risk indicators are entered into
the four kernel-specific SVM classification algorithms to predict the fund’s risk rating. As a result, the
GARCH-LSTM combination model showed the highest volatility prediction performance, and the multivariate
SVM using the RBF kernel showed the highest risk rating prediction accuracy.
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Correlation between Standard Deviation and Fund Wifirm Indicators
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