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Abstract: Aiming at hard disk faults which result in a large amount of data loss, this paper proposes a Random
Forest-based method to predict hard disk faults and reduce the risk of data loss. Firstly, in terms of data processing,
feature mapping preprocessing for the data used is performed. Secondly, by constructing and selecting Decision Trees, a
Random Forest model is constructed to predict the range of hard disk fault rate based on the selected feature attributes,
the changes of which reflect the changing trend of hard disk fault rate. Finally, the parameters of the constructed
Random Forest model are optimized and tested with different n_estimators parameter values. The experimental results
show that compared with methods such as XGBoost (Extreme Gradient Boosting) and LSTM (Long Short Term
Memory), the F1 value (F-Measure) of the proposed method has increased by 0.93% and 1.84%, respectively. In
addition, the parameter values of the Random Forest model are tested with different values, and the final accuracy
reaches 98.18%, which is 1.23% higher than the default value. This proves that the proposed method can predict the
hard disk fault rate more accurately and reflect the changing trend of the hard disk fault rate based on feature attributes.

Key words: Random Forest; hard disk fault rate; fault rate prediction; feature mapping; S.M.A.R.T attribute
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Fig. 2 The construction process of Decision Tree
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Tab.2 Comparison of predicted results after parameter adjustment
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Tab.3 The corresponding table of dataset attribute value
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Tab.4 The conversion rules of hard disk brands
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Tab.5 The conversion rules of hard disk faults
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Fig. 4 Predigtion gesults of Random Forest model
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Tab.6 Comparison of prediction effects of various models
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Tab.7 Comparison of the prediction accuracy of different n_estimators values
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