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Abstract According to the metrics information and defects found in a software product, we can use
software defect prediction technology to predict more defects that may also exist as early as possible,
then testing and validation resources are allocated based on the prediction result appropriately. Defect
prediction based on machine learning techniques can find software defects comprehensively and
automatically, and it is becoming one of the main methods of current defect prediction technologies. In
order to improve the efficiency and accuracy of prediction, selection and research of machine learning
algorithms is the critical part. In this paper, we do comparative analysis to different machine learning
defect prediction methods, and find that different algorithms have both advantages and disadvantages
in different evaluation indexes. Taking these advantages, we refer to the stacking integration learning
method and present a combined software defect prediction model. In this model, we first predict once,
then add the prediction results of different methods in the original dataset as new software metrics,
and then predict again. Finally, we make experiments on Eclipse dataset. Experimental results show

that this model is technical feasibility, and can decrease the cost of time and improve the accuracy.
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Fig. 1 Software defects prediction model
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Table 2 Complexity Metrics of Eclipse Dataset
K2 Ecipse HEENEREES

Measure Level

Measure

Abbreviated Name

Description

File Level

Package Level

FOUT Number of Method Calls(fan out) avg.max, total avg,max, total
MLOC Method Lines of Code avg,max, total avg,max, total
Methods NBD Nested Block Depth avg,max, total avg,max, total
PAR Number of Parameters avg,max, total avg,max, total
VG McCabe Cyclomatic Complexity avg,max, total avg,max, total
NOF Number of Field avg,max, total avg,max, total
NOM Number of Methods avg,max, total avg,max, total
Classes

NSF Number of Static Fields avg,max, total avg.max, total
NSM Number of Static Methods avg,max, total avg,max, total
ACD Number of Anonymous Type Declarations Value avg,max, total
. NOI Number of Interfaces Value avg,max, total
Files NOT Number of Classes Value avg,max, total
TLOC Total Lines of Code Value avg,max, total

Packages NOCU Number of Files Value
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Table 3 Partial Results of Different Machine Learning Model
R3I FARPN[EIEBNHBIRNER

Dataset Model precision recall F_measure AUC

Training Set: File 2.0 148 0.433 0. 281 0. 341 0.651
LR 0.3577 0.203 0. 300 0.731

Testing Set: File 3.0 BN 0.433 0. 344 0. 383 0. 769
NN 0.519 0. 242 0. 330 0.774

Training Set: Package 2.0 J48 0.705 0. 685 0.694 0.691
LR 0.743 0. 700 0.721 0.724

Testing Set: Package 2.0 BN 0.679 0.789 0.730 0.783
NN 0.763 0.679 0.719 0. 802
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Table 4 Partial Results of Combined Machine Learning Model

x4 HENFFEIRHPIMATNER
Dataset Model precision recall F_measure AUC
Training Set: File 2.0 J48+BN 0.433 0. 281 0.341 0.732
J48+NN 0.433 0.281 0. 341 0.735
Testing Set: File 3.0 LR+BN 0. 587 0.201 0.299 0.785
LR+NN 0. 594 0. 205 0. 305 0.795
Training Set: Package 2.0 J48+ BN 0.944 0.968 0. 956 0.947
J48+NN 0. 944 0.968 0. 956 0.941
Testing Set: Package 2.0 LR+BN 0.778 0.822 0.799 0.852
LR-+NN 0. 808 0. 800 0. 804 0. 847

25 A T SCHR[15 %) Eclipse #0455 25 17
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Table 5 Prediction Result of Ref [15]
x5 XE[ISIMHETRMUER

Training Testing

Level Defects precision recall

Set Set
2.0 0.265 0.657 0.242 0.766
2.0 2.1 0.234 0.578 0. 259 0.783
3.0 0. 355 0.638 0. 244 0.682
2.0 0.265 0.673 0. 185 0.760
File 2.1 2.1 0.234 0. 645 0.219 0.789
3.0 0.355 0. 687 0.195 0.682
2.0 0.265 0.476 0. 330 0.726
3.0 2.1 0.234 0.453 0. 369 0.748
3.0 0. 355 0.663 0. 379 0.711
2.0 0.536 0.742 0.735 0.721
2.0 2.1 0.510 0.667 0.732 0.677
3.0 0.570 0.641 0.724 0.612
2.0 0.536 0.733 0.617 0.675
Package 2.1 2.1 0.510 0.720  0.700  0.708
3.0 0.570 0.713 0. 664 0.656
2.0 0.536 0.653 0.719 0. 645
3.0 2.1 0.510 0.632 0.751 0.651
3.0 0.570 0. 785 0. 789 0.757
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Fig. 3 Results of different machine learning model (File 2. 0 as training Set, File 2. 1 as testing Set)
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Fig. 4 Results of combined machine learning model (File 2. 0 as training set, File 2. 1 as testing set)
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