546 8 11 1 D2 M- N 1 M = A < Vol. 46 No. 11
94 11 H COMPUTER SCIENCE Nov. 2019

FA T R 4 R B F90 U Y R B R B

HEE EBRT W TEE
(LT AFEFR AM 310018) (HIEIA¥EHESEAAHKE RS HM 310018)°
(HLEITA¥EE¥KE A 310018)°

W E B4R TANGBOEARXE AN B ARG, ST ENFHEKIEHL0 5L R LA REF ik
R A2 B HIEEANH A RABE  BROSERBE A RO T 8L, DRV HERLES, 22, LR HM4
BTN PR RBEEEZERN R TR, AT RERM RGP XA LR R AR, LPR BT A TR ER
BEE KBEELERESHGERBER, ZRAEFRKE RS é}%%éﬁ DR YN A & o 3 R L e P
ERARFHGFMA, A EEREAFINR BLERIELF IR AR L) RRARMEL; KRB, ENEG B &R
W—F AR RMAEI % 3 MRS R B ii#k%ﬁiéﬁif%éﬂé\ AR RE RE . ERENE ARBERIELS S
BRARBHER AFBNZLETMNERN, ATERAAR T EOAZLE, BN NASA KRG ERBFEHEE P
Eclipseék#éﬂéﬁ;ﬁ%u%@ AR, FEMRGBEEE LR LS EFR B LR ERTAMN T FEE M
Pd B EH FAEL Pf A= F1 S Fmeasure % @47 T 2F b, FREREAN . AR FTEWBWE Pd FHARSGT
0.09, % F1 & 314 Fmeasure EFHEET 0.06, B, TP ey L2 BTN b £ 5 REH MY F kW
B RRAR T H A AR AR B T TN 7 i, BR BT AG TR R,

KB HKHHERTAMN,ERABEL BBEZ.ERET . RER RAMLSH

FEESES TP311 XERFRIRAS A DOI  10.11896/jsjkx. 180901685

Ensemble Model for Software Defect Prediction

HU Meng-yuan' HUANG Hong-yun® DING Zuo-hua’
(School of Science.Zhejiang Sci-Tech University,» Hangzhou 310018, China)!
(Center of Multimedia Big Data of Library,Zhejiang Sci-Tech University, Hangzhou 310018, China)?
(School of Information Science and Technology,Zhejiang Sci-Tech University, Hangzhou 310018, China)?®

Abstract Software defect prediction aims to identify defective modules effectively. Traditional classifiers have good pre-
dictive effect on class-balanced data,but when the proportion of data classes is unbalanced, the traditional classifiers in-
cline to majority classes, easily leading to the misclassification of minorityclass module. In reality, the data in software
defect prediction are often unbalanced. In order to deal with this kind of class imbalance problem in software defects,
this paper proposed an integrated model based on improved class weight self-adaptation, soft voting and threshold mo-
ving. This model considers the class imbalance problem in the training stage and decision stage without changing the
original data sets. Firstly,in class weight learning stage, the optimal weights of different classes are obtained through
class weight adaptive learning. Then,in the training stage,three base classifiers are trained by using the optimal weights
obtained in the previous step,and the three base classifiers are combined by soft ensemble method. Finally,in the deci-
sion stage,the decision is made according to the threshold moving model to get the final prediction category. In order to
prove the validity of the proposed method,the NASA software defect standard data sets and the Eclipse software defect
standard data sets are used for prediction,and the proposed method is compared with the results of several software de-
fect prediction methods proposed in recent years on the recall rate Pd, false positive rate Pf and F1 measurement
F-measure. The experimental results show that the recall rate Pd and F1 measurement F-measure of the proposed
method improves by 0. 09 and 0. 06 on average respectively. Therefore,the overall performance of proposed method for
dealing with class imbalance in software defect prediction is superior to other software defect prediction methods,and it

has better prediction effect.
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Table 1 Datasets

HAEE J& BB E LHKBEHE FTHE
MC2 39 44 81 1. 84
KC3 39 36 158 4.39
JM1 21 1672 6110 3.65
MW1 37 27 226 8.37
CM1 37 42 285 6.79
PC1 37 61 644 10. 56
PC3 37 134 943 7.04
PC4 37 178 1280 7.19
PC5 38 516 16670 32.31
Eclipse2. 0 202 975 5754 5.90
Eclipse3. 0 202 1568 9025 5.76
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Table 3 Experimental results
Datasets Measure SVM C4.5 ROCUS CBNN NSGLP CDDL Our Method
Pd 0.51 0. 64 0.72 0.79 0.83 0.83 0.89
MC2 Pf 0.24 0.49 0.32 0.54 0.29 0.29 0.21
F-measure 0.52 0.48 0.56 0.56 0.62 0.63 0.79
Pd 0.33 0.41 0.55 0.51 0.70 0.71 0.88
KC3 Py 0.08 0.16 0.31 0.25 0.35 0.34 0.24
F-measure 0. 38 0.38 0.39 0.38 0.43 0. 44 0.52
Pd 0.53 0.37 0.67 0.54 0.73 0.68 0.89
JM1 Pf 0.45 0.17 0.32 0.29 0.36 0.35 0.35
F-measure 0.29 0.34 0.42 0.38 0. 46 0. 40 0. 46
Pd 0.21 0.29 0.32 0.61 0.67 0.79 0.84
MW1 Pf 0.04 0.09 0.15 0.25 0.28 0.25 0.23
F-measure 0.27 0.27 0.25 0.33 0.36 0.38 0.50
Pd 0.15 0.26 0.61 0.59 0.76 0.74 0.86
CM1 Pf 0.04 0.11 0.32 0.29 0.36 0.37 0. 36
F-measure 0. 20 0.25 0.35 0.33 0. 38 0.38 0.50
Pd 0. 66 0.38 0.38 0.54 0.69 0. 86 0.92
PC1 Pf 0.19 0.15 0.17 0.17 0.31 0.29 0.12
F-measure 0.35 0.32 0.34 0.32 0.41 0.41 0. 49
Pd 0. 64 0. 34 0. 44 0.65 0.74 0.77 0.88
PC3 Pf 0.41 0.08 0.23 0.25 0.31 0.28 0.26
F-measure 0.28 0.29 0.35 0.38 0.42 0.42 0.53
Pd 0.72 0.49 0.61 0.66 0.78 0.89 0.91
PC4 Pf 0.16 0.17 0.27 0.18 0.31 0.28 0.14
F-measure 0.47 0.49 0.49 0. 46 0.55 0.55 0.65
Pd 0.71 0.50 0.59 0.79 0.82 0.84 0.98
PC5 Pf 0.22 0.02 0.24 0.08 0. 30 0.06 0.09
F-measure 0.16 0.48 0.49 0.37 0.59 0.59 0.41
Pd 0.52 0.46 0. 60 0.57 0.77 0.75 0.80
Eclipse2. 0 Pf 0.19 0.23 0. 26 0.27 0.33 0.24 0.16
F-measure 0.31 0.24 0. 44 0.29 0.39 0.50 0.49
Pd 0.44 0.45 0.62 0.69 0.77 0.78 0.82
Eclipse3. 0 Pf 0.17 0.23 0.33 0.25 0.29 0.19 0.19
F-measure 0. 38 0.27 0.39 0.49 0.50 0.54 0.55
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