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Research on Hard Disk Failure Prediction Based on
Machine Learning
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Abstract; Data loss and damage caused by hard disk failure bring significant losses to enterprises and users. Therefore,hard disk failure
prediction has also attracted the great attention of academic and enterprise. Many failure prediction methods based on machine learning
have emerged. However, due to the different dataset and performance index, it is hard to evaluate the different algorithm models.
Therefore ,we establish a hard disk failure detection and evaluation platform for evaluating machine learning methods. The failure
prediction performance of eight classical algorithm models are compared in a unified experimental platform, including random forest,
logistic regression, multilayer perceptron — artificial neutral network, decision tree, naive Bayes, extreme gradient boosting, gradient
boosting decision tree and AdaBoost. The experiments are executed on the same dataset with the same performance metric. Besides the
prediction effects of the same prediction model on the datasets with different sizes are compared. The experimental results show that the
random forest and gradient boosting decision tree can achieve high prediction accuracy as well as advantages of generalization for the
datasets with different size.
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