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Aggregation Model for Software Defect Prediction Based on Data Enhancement by GAN

XU Jinpeng' ,GUO Xinfeng' , WANG Ruibo” and LI Jihong®
1 School of Automation and Software Engineering,Shanxi University, Taiyuan 030006, China

2 School of Modern Education Technology,Shanxi University, Taiyuan 030006 , China

Abstract In the task of software defect prediction, the machine learning classification algorithm is usually used to build a soft-
ware defect prediction(SDP) model based on dataset with static software features such as C&K metrics. However, the number of
defects in most datasets with static software metrics is small, the class imbalance in the dataset is serious, resulting in the low
prediction performance of the model. Based on generation adversarial network(GAN) ,this paper uses FID score screening to ge-
nerate positive sample data,enhances the amount of postitive data,and then aggregates the results of learned models by majority-
voting,and finally build the SDP model based on block-regularized m X 2 Cross validation(m X 2BCV). 20 datasets in PROMISE
database are used as the experimental datasets,and random forest algorithm is used to build model. Experimental results show
that,compared with the traditional random over-sampling, SMOTE, and random under-sampling, the average F1 values of the
SDP aggregation model in the 20 datasets is increased by 10. 2% ,5. 7% ,and 3. 4% respectively,and the stability of F1 is also im-
proved accordingly. In 17 of the 20 datasets,the SDP aggregation models have the highest F1 values. From the AUC index, there
is no significant difference between the proposed method and the traditional sampling method.

Keywords Generative adversarial network, Data enhancement, Block-regularized m X 2 cross validation, Software defect predic-

tion, Aggregation model
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Fig. 1 Software defect prediction aggregation model based on GAN data enhancement
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Table 2 Basic statistics of twenty software defect datasets in PROMISE
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Table 3 F1 values and confidence interval lengths of six methods on twenty datasets

Wk ROS SMOTE RUS GAN* GAN* +FID GAN* +FID+OPT
F1 CI-L F1 CI-L F1 CI-L F1 CI-L F1 CI-L F1 CI-L
ant-1. 7 0.543 0. 140 0.594 0.128 0.588 0.124 0. 605 0.122 0.614 0.119 0.617 0.111
camel-1. 2 0.462 0.133 0.501 0.126 0.522 0.121 0.468 0.131 0.472 0.133 0.536 0.116
camel-1. 4 0.237 0.164 0. 300 0.162 0.396 0.148 0.424 0.142 0. 454 0.136 0.437 0.130
camel-1. 6 0.237 0. 140 0. 347 0.138 0.377 0.131 0. 390 0.129 0.415 0.124 0.454 0.108
ivy-2.0 0.321 0.299 0.317 0.283 0. 410 0.264 0. 443 0.214 0. 463 0.226 0.456 0.217
jedit-3. 2 0. 647 0.167 0.685 0.153 0.681 0.154 0.674 0.159 0.659 0.163 0.675 0.156
jedit-4. 0 0.541 0. 200 0.571 0.192 0.583 0.189 0.593 0.186 0.605 0.186 0.687 0.172
jedit-4. 1 0.604 0.189 0.631 0.179 0.647 0.170 0.667 0.170 0.671 0.171 0.658 0.167
jedit-4. 2 0.358 0. 280 0.523 0.246 0. 485 0. 230 0.504 0.211 0.492 0.210 0.508 0.208
lucene-2. 0 0.652 0.158 0.629 0.165 0.651 0.163 0. 644 0.161 0.664 0.152 0.663 0.154
prop-6 0.312 0.220 0.301 0. 190 0.343 0.197 0. 385 0.165 0. 386 0.169 0.391 0. 165
synapse-1. 1 0.574 0.225 0.602 0.209 0.625 0. 200 0.613 0. 209 0.627 0.212 0.635 0.193




e, 45 5T GAN BCHE 1 o i 0 Bt s T 28 5 A 7Y 29
(8:34%)
. ROS SMOTE RUS GAN* GAN* +FID GAN* +FID+OPT
HEE F1 CFL F1 CFL F1 CFL F1 CFL F1 CIL F1 CFL
synapse-1. 2 0.646 0.172 0. 690 0. 157 0. 685 0.152 0.637 0.173 0.675 0.164 0.694 0. 156
tomeat 0. 206 0.212 0.259 0. 204 0. 360 0.186 0.406 0.156 0.410 0.157 0.412 0.157
velocity-1. 6 0.574 0.195 0.614 0.179 0. 640 0.177 0.574 0.195 0.614 0.185 0.620 0.179
xalan-2. 4 0.243 0.184 0.341 0.177 0. 384 0.161 0. 484 0. 144 0.471 0.145 0.463 0.142
xalan-2. 5 0.693 0.075 0.703 0.074 0.704 0.073 0.713 0.072 0.711 0.073 0.711 0.073
xalan-2. 6 0.743 0.069 0.740 0.069 0.749 0.068 0.747 0.068 0.753 0. 064 0.753 0.067
xerces-1. 2 0. 340 0.231 0.459 0.214 0. 388 0.205 0.494 0.186 0.491 0.183 0.509 0.183
xerces-1. 3 0.451 0.233 0.478 0.221 0.530 0.202 0.508 0. 180 0.533 0.181 0.533 0.179
A 0.469 0.184 0.514 0.173 0.537 0.166 0. 549 0.159 0.559 0.157 0.571 0.151
LRSS 0 0 2 1 1 1 2 ! 6 3 11 13
F 46 FEUEIG IR IRAE 20 MEUEAE LAY AUC
Table 4 AUC values of six methods on twenty datasets
HAEE ROS SMOTE RUS GAN* GAN* +FID GAN* +FID+OPT
ant-1. 7 0. 824 0. 825 0.815 0.822 0.818 0.817
camel-1. 2 0.659 0.650 0. 664 0.662 0.656 0.667
camel-1. 4 0.707 0.705 0.714 0.709 0.711 0.706
camel-1. 6 0.708 0.717 0.720 0.708 0.719 0.712
ivy-2.0 0.771 0.785 0.774 0.784 0.782 0.785
jedit-3. 2 0. 830 0. 836 0. 840 0. 845 0. 836 0. 839
jedit-4. 0 0.797 0.799 0.805 0.796 0.795 0.798
jedit-4. 1 0.807 0.816 0.814 0.818 0.820 0.818
jedit-4. 2 0. 820 0. 830 0.833 0. 834 0. 840 0. 835
lucene-2. 0 0.742 0.736 0.740 0.728 0.741 0.746
prop-6 0.708 0.701 0.688 0.697 0.698 0.670
synapse-1. 1 0.767 0.768 0.763 0.764 0.765 0.764
synapse-1. 2 0.811 0.802 0.802 0.807 0.810 0. 800
tomcat 0. 808 0.802 0.803 0.801 0.810 0.810
velocity-1. 6 0. 754 0.772 0.762 0.763 0.768 0.772
xalan-2. 4 0. 807 0.786 0.796 0.789 0.795 0.792
xalan-2. 5 0.762 0.759 0.758 0.766 0.760 0.762
xalan-2. 6 0. 844 0. 846 0. 845 0. 844 0.847 0.849
xerces-1. 2 0.774 0.763 0.774 0.762 0.766 0.767
xerces-1. 3 0. 830 0. 825 0.833 0. 840 0. 826 0. 825
S E 0.7765 0.7761 0.7771 0.7769 0.7781 0.7767
LRI 4 4 4 2 3 5

6.4.2 GAN" +FID Tt —F 2 & Fl M4
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SERTT LIS
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Table 5 Optimal sampling rate of datasets

Bk OPT HIEE OPT

ant-1. 7 1.4 prop-6 1.8
camel-1. 2 1.3 synapse-1. 1 1.7
camel-1. 4 1.7 synapse-1. 2 1.5
camel-1. 6 1.3 tomecat 2.0

ivy-2.0 1.7 velocity-1. 6 1.6
jedit-3. 2 1.6 xalan-2. 4 1.8
jedit-4. 0 1.3 xalan-2. 5 #
jedit-4. 1 1.3 xalan-2. 6 =
jedit-4. 2 2.1 xerces-1. 2 1.9
lucene-2. 0 4 xerces-1. 3 2.0

T - # AR HCE 4R B SOM 7 R o 1 45 19 3
[ Rl 3 A Mo 4 g A BT I MR R 2 — B

6.4.4 GAN' +FID+OPT % 24k F &£ & 41

DFEF 3 1 ,GAN" +FID+OPT # ROS,SMOTE,RUS
HATXF L 25 R R BT 20 S EHE 4R 1 GAN® +FID+ OPT
B R KRS 17, F1 8 8 B 5 X 18] K 6 48 1k
B 18, W W AR T 3 MhAELBIE,; N FL P EKE,
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GAN" +FID+ OPT # It ROS,SMOTE,RUS # F1 ¥ ¥ {f
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Table 6 Time consumed by four algorithms under 19 X 2BCV

"k HAH /s
GAN* 1092

ROS 208
SMOTE 225

RUS 242

M 6 Al LUE L 7E 20 MR AR B GAN Bk B FE
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FID+OPT SZE#ERT 293 11 % 5 % 1092=60060 s=16. 68 h,
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HHE R B2 W Z W,
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ARICH m =19, % m X 2BCV 5 5 # 3 X %3 (5-fold-
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Table 7 F1 value and confidence interval length under three

kinds of cross validation

19X 2BCV 5-fold CV 10-fold CV

HAE & - . - . - .
Fl CIL Fl CIL Fl1 CIL
ant-1.7 0. 605 0.122 0.599 0.123 0.593 0.121
camel-1. 2 0. 468 0.131 0.393 0.131 0.459 0.128
camel-1. 4 0.424 0.142 0. 400 0.134 0.425 0.138
camel-1. 6 0. 390 0.129 0. 389 0.125 0.393 0. 124
ivy-2.0 0. 443 0.214 0.411 0.223 0.377 0.228
jedit-3. 2 0.674 0.159 0.663 0.164 0.663 0.164
jedit-4. 0 0.593 0. 186 0.526 0.187 0.573 0.187
jedit-4. 1 0.667 0.170 0.633 0.174 0.667 0.169
jedit-4. 2 0.504 0.211 0.516 0.209 0. 444 0.219
lucene-2. 0 0. 644 0.161 0.674 0.156 0.663 0.158
prop-6 0.385 0.165 0.238 0.163 0.341 0.158
synapse-1.1  0.613 0. 209 0.553 0207 0.632 0.203
synapse-1. 2 0.637 0.173 0. 659 0. 166 0.642 0.170
tomcat 0. 406 0.156 0.392 0.154 0.403 0.155
velocity-1.6  0.574 0.195 0. 605 0.181 0.620 0.185
xalan-2. 4 0. 484 0. 144 0.482 0.143 0. 440 0. 144
xalan-2. 5 0.713 0.072 0.699 0.074 0.702 0.074
xalan-2. 6 0.747 0.068 0.755 0.066 0.749 0.068
xerces-1. 2 0. 494 0.186 0.413 0.178 0.464 0.184
xerces-1. 3 0.508 0.180 0.503 0.178 0.473 0.183
A 0.549 0.159 0.525 0.157 0.536 0.158
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