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Abstract Hard disk is the primary storage device in cloud data centers,and hard disk failure prediction is crucial for ensuring da-
ta security. However, there is a significant imbalance between failure and healthy SMART samples,which can lead to model bias.
Moreover, hard disk models exhibit varying data distributions. Prediction models trained on specific hard disk data may not be
suitable for other hard disks. To address these issues.this paper proposes a method for out-of-distribution hard disk failure pre-
diction by combining the AP clustering algorithm and the broad learning system. To tackle the sample imbalance problem., this pa-
per uses the AP clustering algorithm to cluster samples close to failure and treats all samples in the cluster containing determined
failure instances as additional failure samples. To address the distribution differences of hard disk models, this paper combines the
manifold regularization framework and the broad learning system to learn the low-dimensional structure of hard disk data, thereby
improving the model’s generalization ability to unknown data. Experimental results show that,on the dataset resampled by the
AP clustering algorithm,the F1_Score of multiple methods increases by an average of 0. 2 compared to the datasets resampled by
comparative methods. Additionally.in the task of predicting out-of-distribution hard disk failures,the F1_Score of the proposed
model increases by 0. 1~0. 2 compared to other methods.
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Table 3 Sample size and retained SMART features after resampling on each disk

RS oy #E A AR R AR Normalized Raw
ST12000NM0007 it 10225 9697 5,187,188,190,195,198 4,9,12,192,241,242
ST4000DM000 i 6286 6068 188,193,197 4,9,12,188,193,197,198,240,241
ST8000ONMO0055 i 3834 3234 - -
HMS5C4040BLE640 H 3L 845 933 - -

MGO7ACAT4ATA KE 2148 2574
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Table 4 MR-BLS parameter settings
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Table 5 Experimental results on Seagate STS000NMO0055

A A Accuracy Precision Recall F1_Score G_mean MccC
MR-BLS 0.958 0.979 0.935 0. 956 0.957 0.917
BLS 0.951 0.927 0.971 0.949 0.953 0.903
KNN 0. 900 0. 940 0. 854 0. 895 0. 899 0. 804
GBDT 0.777 0.702 0.967 0.813 0.752 0.599
XGBoost 0. 884 0. 836 0.957 0.892 0. 881 0.776
LGBM 0. 894 0. 854 0.951 0.900 0.892 0.793
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Table 6 Experimental results on HGST HMS5C4040BLE640

A Accuracy Precision Recall F1_Score G_mean Mcc
MR-BLS 0.832 0.932 0.796 0.859 0. 845 0.668
BLS 0.779 0.761 0.867 0.811 0.764 0.554
KNN 0.628 0.648 0.699 0.673 0.616 0. 245
GBDT 0.612 0.551 0.781 0.646 0. 607 0.262
XGBoost 0.768 0.851 0.594 0.699 0.736 0.543
LGBM 0.768 0.763 0.708 0.734 0.761 0.530
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Table 7 Experimental results on Toshiba MGO7ACA14TA

H#A Accuracy Precision Recall F1_Score G_mean MCC
MR-BLS 0. 654 0.914 0.628 0.744 0.691 0.310
BLS 0.670 0.649 0.877 0.746 0.605 0. 335
KNN 0.437 0.468 0.156 0.234 0. 350 —0.080
GBDT 0.544 0.495 0.769 0.602 0.527 0. 140
XGBoost 0.590 0.533 0.709 0.608 0.591 0. 205
LGBM 0.584 0.584 0.256 0.356 0.467 0.135
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