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A novel unbalanced data classification method for software defects
LIU Wenying, LIN Yalin, LI Kewen, LEI Yongxiu

(College of Computer Science and Technology » China University of Petroleum (East China), Qingdao, Shandong 266580, China)

Abstract; To solve the problems of data imbalance, low prediction accuracy and feature dimension in software defect
prediction data, a RUS-RSMOTE-PCA-Vote (random under sampling-random synthetic minority oversampling
technique-principal components analysis-vote) software defect imbalance data classification method was proposed.
Firstly, the number of non-defective samples was reduced by random under sampling. On this basis, SMOTE over-
sampling was carried out, during which the influence factor posFac (position factor) was introduced into the overall
sample distribution to guide the synthesis of the new sample. Then the data set after RUS-RSMOTE sampling was
subjected to PCA dimensionality reduction. Finally, an integrated classifier was constructed by using Vote in combi-
nation with K nearest neighbor, decision tree, and support vector machine. The experimental results on the NASA
(National Aeronautics and Space Administration) data set show that the proposed method is superior to the existing
unbalanced data classification methods in terms of F-value, G-mean value and AUC value, thus effectively improves
the classification performance of the software defect prediction data set.
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Fig. 1 Sample distribution before and after random under-sampling
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Fig. 2 Structure of the ensemble classifier
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Tab. 1 Information of 5 classifiers used in this paper

¥ 5 P2 G 304 B SCHk
1 Bootstrap aggregating(Bagging) B [8,12-13]
2 Adaptive Boosting( AdaBoost) ERCAVE /LS R7S [12-14]
3 RandomTree(RT) BE LA [12,15]
4 RandomForest(RF) B L AR AR [12-13]
5 Vote EVE ST [12,17]
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Tab. 2 Basic information about 10 software defect data sets used in the experiment

K HH FEAE£L FEAS B8 A e B R A Tt B R AR BB/ % N ES
CM1 C 41 505 48 457 9.50 9.52
KC1 CH++ 22 2 107 325 1782 15.42 5.48
KC3 Java 41 458 43 415 9.39 9.65
MCl1 CH++ 40 9 466 68 9 398 0.72 138.21
MW1 C 11 103 31 372 7.69 12.00
PC1 C 41 1107 76 1031 6.87 13.57
PC2 C 41 5589 23 5 566 0.41 24.20
PC3 C 41 1563 160 1403 10.24 8.77
PC4 C 41 1458 178 1280 12.21 7.19
PCs5 C++ 40 17 186 516 16 670 3.00 32.31
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Fig. 7 Two-dimensional scatter plots of PC2 dataset
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Tab. 4 Comparison of evaluation indicators on different algorithms

F-value AUC G-mean

NB J48 SVM kNN NB J48 SVM kNN NB J48 SVM kNN
CM1 0.44 0.72 0.34 0.84 0.78 0.78 0.58 0.88 0.56 0.77 0.47 0.88.
KC1 0.47 0.67 0.57 0.74 0.76 0.80 0.68 0.82 0.57 0.73 0.65 0.79
KC3 0.61 0.8 0.59 0.85 0.82 0.86 0.70 0.90 0.68 0.85 0.68 0.88
MC1 0.78 0.84 0.76 0.87 0.91 0.88 0.81 0.92 0.82 0.87 0.80 0.90
MW1 0.71 0.75 0.67 0.84 0.84 0.81 0.75 0.88 0.76 0.80 0.73 0.87
PCl1 0.46 0.79 0.46 0.89 0.75 0.84 0.64 0.92 0.56 0.84 0.56 0.88
pPC2 0.67 0.82 0.57 0.88 0.86 0.87 0.70 0.93 0.74 0.86 0.65 0.90
PC3 0.69 0.78 0.61 0.87 0.80 0.83 0.71 0.90 0.74 0.82 0.68 0.86
PC4 0.76 0.78 0.66 0.81 0.88 0.85 0.74 0.86 0.81 0.83 0.72 0.85
PC5 0.73 0.93 0.86 0.93 0.91 0.95 0.89 0.97 0.77 0.94 0.89 0.94
I 0.63 0.79 0.61 0.85 0.83 0.85 0.72 0.90 0.70 0.83 0.68 0.88
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REALIF 1 B0y e 8 KR I AR (KNND #EAT He 5. Horp, Bagging . AdaBoostM1 Sy Je 0 26 4%« ff I K e it 4R 15
HEEG RS . I IRAER LN L IR S 0 SR AT 3 38 S E R AT R AT % F-value,G-mean Fil AUC {4 5
UESE 73 2 i AR B0 ol B TUI0 v 8 1 RE I AN 46 s

5 0 10 FhEROF B EECE S AE 6 R R 2R E 1 By Fovalue (EXF L. H138 5 AT LA H

D ffi B kNN 1E R34 25 45 119 Bagging . AdaBoostM1 7E F-value {H I JL %A #£5 , W f Bagging. Ad-
aBoostM1 5 {44 F-value {8 5 kNN FH%¢, 5 ZFE [ ] Bagging J5 5% KC1,.MW1.PC1.PC3 ) F-val-
ue BT I G B A

2) Vote f£ 9 N4 iE4E F H A & 5 1 F-value {H ., %1y F-value {4 0. 87; RandomForest IR Z . & N
0. 86,
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D) f8i ] kNN E R 545 25 45 1 Bagging 76 AUC A A W3 #& 7+, 10 i ] AdaBoostM1 J5 %4l 4 KC1,
KC3.MC1,PC1,PC2.PC5 1) AUC {8 B& i A%, SF 1 AUC fHd K T kNN,
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x5 AEEELR F-value EXTLE

Tab. 5 Comparison of F-value on different algorithms

F-value

kNN Bagging AdaBoostM1 RandomTree RandomForest Vote
CM1 0.84 0.83 0.84 0.74 0.84 0.85
KC1 0.74 0.73 0.74 0.68 0.75 0.77
KC3 0.85 0.85 0.85 0.79 0.86 0.88
MC1 0.87 0.87 0.87 0.82 0.87 0.90
MW1 0.84 0.83 0.84 0.76 0.84 0.87
PC1 0.89 0.88 0.88 0.80 0.88 0.88
PC2 0.88 0.88 0.89 0.82 0.86 0.90
PC3 0.87 0.86 0.87 0.77 0.86 0.87
PC4 0.81 0.82 0.81 0.75 0.86 0.86
PC5 0.93 0.93 0.93 0.91 0.94 0.95
BMH 0.85 0.85 0.85 0.78 0.86 0.87

&6 AEHELKN AUCHEITLL
Tab. 6 Comparison of AUC on different algorithms
AUC

kNN Bagging AdaBoostM1 RandomTree RandomForest Vote
CMI 0.88 0.89 0.88 0.80 0.91 0.91
KC1 0.82 0.87 0.78 0.74 0.86 0.89
KC3 0.90 0.93 0.89 0.83 0.95 0.93
MC1 0.92 0.95 0.89 0.85 0.95 0.96
MW1 0.88 0.91 0.88 0.81 0.91 0.92
PC1 0.92 0.95 0.92 0.84 0.96 0.93
PC2 0.93 0.95 0.92 0.87 0.95 0.94
PC3 0.90 0.94 0.90 0.82 0.94 0.95
PC4 0.86 0.92 0.85 0.80 0.96 0.95
PC5 0.97 0.98 0.95 0.92 0.99 0.97
BMH 0.90 0.93 0.89 0.83 0.94 0.94

T E 10 RS RE RO SR AE 6 B4y K5 Y G-mean (EXTH . @A WEEE AT AAR B AR 4518

1) %kt Bagging.,AdaBoostM1 il kNN % 3, Bagging,AdaBoostM1 JL- %A Tk, 5802548 1914
G-mean {155 .

2) 5 AUC {H 1% % —#£ . RandomForest Fll Vote £ G-mean b 4 {EAHEE , (H M 0. 89, 40 b HAB 43 25 4% .
X O o A 12 A AR e o T T T LA B A

K 8~10 J& R H Vote kNN ¥k 10 A Hd % E Y F-value, AUC.G-mean Xt tt. ME 8 Al LIFH H,
KM Vote EAT 73 2R BB 4 iR R PCL Ab, oAt 9 Bl 4 19 F-value {3558 5 T kNN, 7R84 PC4 EE
L. AAEL 9 T LA . P 7 PCS BdiE 4 By AUC {E#RZ 0. 97, BRI Z 4b, SR H] Vote #4777 36 1Y
AUC ] R8T kNN, & 10 iR E B P 7E 3 DB E Y G-mean {HAHSE R Vote 4773361
6 NMEHEEN G-mean {H & T kNN, 28 EFiR, R Vote £ K e r &8 PSRBT L S RF ) 5 ML Y 4 288 1
A Iz iz AR A3 2 kNN
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x7 AEHEELH G-mean {ExTEE

Tab. 7 Comparison of G-mean on different algorithms

G-mean
€IS
kNN Bagging AdaBoostM1 RandomTree RandomForest Vote
CM1 0.88 0.87 0.88 0.80 0.88 0.89
KC1 0.79 0.78 0.79 0.75 0.80 0.82
C3 0.88 0.89 0.88 0.83 0.89 0.88
MC1 0.90 0.90 0.90 0.86 0.91 0.91
MW1 0.87 0.87 0.87 0.81 0.87 0.88
PC1 0.88 0.88 0.88 0.84 0.91 0.88
pPC2 0.90 0.91 0.92 0.86 0.89 0.89
PC3 0.86 0.86 0.90 0.82 0.89 0.90
PC4 0.85 0.86 0.86 0.80 0.89 0.85
PC5 0.94 0.95 0.95 0.93 0.96 0.95
B (E) 0.88 0.88 0.88 0.83 0.89 0.89
1.0 1.00 pa—.
09 0.95
0.7 0.90
206
s 0.5 > 0.85
704
R, 0.3 0.80
0.2 0.75
0.1 850
0 | i 5 o E 1 ) i el 2] % i}
CM1 KC1 KC3 MCIMWI1PC1 PC2 PC3 PC4 PC5 & CM1 KC1 KC3MCIMWI1PC1 PC2 PC3 PC4 PC5 $iiE%
Fig. 8  Comparison of F-value between kNN and Vote Fig. 9 Comparison of AUC values between kNN and Vote
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