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Training Period Test Period
Dataset 1 | 04/01/2017 - 04/30/2017 | 05/01/2017 - 05/07/2017

Dataset 2 | 05/01/2017 - 05/31/2017 | 06/01/2017 - 06/07/2017
Dataset 3 | 06/01/2017 - 06/30/2017 | 07/01/2017 - 07/07/2017
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Feature Type Description
UpdateDomain Spatial | The domain where nodes
share same update setting.
MemoryUsage Temporal | Memory consumption.
DiskSectorError | Temporal | Sector errors in a disk drive.
ServiceError Temporal | Error counts from a deployed
service.
RackLocation Spatial | The location of the rack the
node belongs to.
LoadBalanceGroup | Spatial | The group where nodes’ load
are balanced.
IOResponse Temporal | I/O Response time.
OSBuildGroup Spatial | The group where nodes have

the same OS build.
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LSTM [15,19,32]
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Research Questions
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Table 3: The effectiveness of MING

MING Logistic Regression (LR) SVM Random Forest LSTM
Precision| Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1
Dataset 1 92.3% 64.2%  75.7% 69.8% 48.3%  57.1% 66.9% 53.4%  59.4% 71.6% 51.1%  59.6% 76.2% 52.3%  62.0%
Dataset 2 90.1% 67.3% 77.0% 78.6% 34.7%  48.1% 54.8% 61.1% 57.8% 80.6% 58.3%  67.7% 61.7% 60.4% 61.0%
Dataset 3 94.7% 59.1%  72.8% 59.7% 51.3%  55.2% 76.2% 44.6%  56.3% 76.3% 47.4%  58.5% 80.3% 46.3%  58.7%
Average 92.4% 63.5% 75.2% 69.4% 44.8%  53.5% 66.0% 53.0% 57.8% 76.2% 52.3%  61.9% 72.7% 53.0% 60.6%
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Figure 5: The ROC curve of the comparative approaches
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Table 4: The effectiveness of the ensemble model

Temporal+Spatial (MING) Temporal only (LSTM) Spatial only (Random Forest)

Precision Recall | F1 Precision Recall F1 Precision Recall F1
Dataset 1 92.3% 64.2% | 75.7% 70.6% 36.2% | 47.9% 66.5% 49.3% 56.6%
Dataset 2 90.1% 67.2% | 77.0% 63.8% 46.7% | 53.9% 72.1% 54.7% 62.2%
Dataset 3 94.7% 591% | 72.8% 51.4% 39.6% | 44.7% 79.6% 39.1% 52.4%
Average 92.4% 63.5% | 75.2% 61.9% 40.8% | 48.8% 72.7% 47.7% 57.1%
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Table 5: The effectiveness of the ranking model

Precision | Recall F1
MING 92.4% 63.5% | 75.2%
MING,. with Random Forest 85.1% 57.6% | 68.7%
MING, with SVM 793% | 56.7% | 66.1%
MING, with LR 81.4% 52.6% | 63.9%
MING,(FastTreeRanker) 91.3% 62.4% | 74.1%
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