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o WDP —Within-Project Defect Prediction
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Figure 2: Heterogeneous defect prediction
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Source || WPDP _|CPDP-CM |CPDP-IFS | HDP n"f“
I(Bueuna) (Baseline2) I(Baseli:fe:;) [icS,0.05 C°of"H"5§°
AEEEM 0.654 0.736 0.528 [0.739% || 48%
ReLink 0.654 0.665 0.500 [0.702* || 88%
TMORPH 0.657 0.667 0.500 |0.736* || 100%
| NASA 0.654 0.027 0.500 |0.734¥ 2%
OFTLAB| 0.695 0.612 0.554 708* || 100%
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~ Win Tie Win | Tie Win Tie |

Logistic 66.2% | 1.4% || 66.2% | 6.3% || 82.0% | 2.7%
RandomForest || 10.4% | 2.3% || 42.3% | 1.4% | 65.8% | 2.2% |
BayesNet 34.7% | 41% || 45.9% | 2.7% || 662% | 2.7%
SVM 24.3% | 23.0% || 27.5% | 0.0% || 32.9% | 14.9%

J48 302% | 11.7% || 32.4% | 1.4% || 41.9% | 12.1%
SimpleLogistic || 45.5% | 2.7% || 69.4% | 6.8% || 84.2% | 3.2% |
LMT 428%| 3.2% || 64.4%| 6.3% || 79.7% | 3.2% |
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