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Data preprocessing method in software defect prediction
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Abstract: Software defect prediction is a hot research topic in the field of software quality assurance. The quality of defect
prediction models is closely related to the training data. The datasets used for defect prediction mainly have the problems of data
feature selection and data class imbalance. Aiming at the problem of data feature selection, common process features of
software development and the newly proposed extended process features were used, and then the feature selection algorithm
based on clustering analysis was used to perform feature selection. Aiming at the data class imbalance problem, an improved
Borderline-SMOTE (Borderline-Synthetic Minority Oversampling Technique) method was proposed to make the numbers of
positive and negative samples in the training dataset relatively balanced, and make the characteristics of the synthesized
samples more consistent with the actual sample characteristics. Experiments were performed by using the open source datasets
of projects such as bugzilla and jUnit. The results show that the used feature selection algorithm can reduce the model training
time by 57. 94% while keeping high F-measure value of the model; compared to the defect prediction model obtained by using
the original method to process samples, the model obtained by the improved Borderline-SMOTE method respectively increase
the Precision, Recall, F-measure, and AUC (Area Under the Curve) by 2. 36 percentage points, 1.8 percentage points, 2. 13
percentage points and 2. 36 percentage points on average; the defect prediction model obtained by introducing the extended
process features has an average improvement of 3. 79% in F-measure value compared to the model without the extended process
features; compared with the models obtained by methods in the literatures, the model obtained by the proposed method has an
average increase of 15.79% in F-measure value. The experimental results prove that the proposed method can effectively
improve the quality of the defect prediction model.
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Tab. 1 Some software development process

features related to software defects
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Fig. 1 Flowchart of feature selection algorithm
based on clustering analysis
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Tab. 3 Features selected by feature selection algorithm

K 5 fihik R
1 NLAL TG — KA ATk
2 ALCA SERIUS A TEL
3 ALCD SEEIIM R TR
4 cce 2R Ak
5 MNLA I KATEL
6 MNLD 3 1) e KA T
7 AR IR BATEL
8 DR R T H B ATEL wH
9 NML BT fuy
10 MNML R RBEBATEL TR
11 IN A
12 MVN TP A K
13 MBFP f KT bug J& 1
14 NDC PR B
15 DE T RE AL
16 RDE HRFHFIVHER
17 HBR SEHTRRAR bug H AR
18 PRFC P AR AL
19 PNOOT BRVERFE L
20 PNOUT ME—HRVERFAEfL
21 PNOOD FRAERUR AL
22 PNOUD ME— 4R AL
23 PCN TEFREAE AL e
24 PIN I WAL FUK
25 PNLV JRi T AR T AR AL FRIE
26 PNOPA N R R L
27 PWMC T A Es L
28 PCBO FFN G EUE 1k
29 PRFC W EECE AR
30 PNEH S W A R AL

SCEGEE LR 7E 2 B0 0T RRIE R RS A T AR AL
F-measure {5 BEPE AT F-measure {EAH 22 R K, W14 4
TR SEBGEE UL T AR S B RR AR A U AR R AT AE o

RAE e P ARG T I b R ek i) 4R A0E 6 R 1, ol R BRI



%114

AT R B A TR P 69 HOE TR 2R Ty ok 3277

MEIEAE 24T H YIRS 3 B[] 2 79. 63 s, T RHE
e G, U S 2B B R A S 33,49 s, B[] 40 0 R0 E R
57.94%, FEARUERR ] F-measure {H 1Y [F) B, B K Hb 47 %5 T #5%
T BN 1a]

F4 HHEEFRIEEEM F-measure EXTEE

Tab. 4 Comparison of F-measure values of models

before and after feature selection

5 FHIE FHIE FH FHIE IR
PEFEET R BRI
bugzilla 0.762 0.761 mozilla 0. 687 0. 685
columba 0.594 0.586 | platform 0. 680 0. 666
jdt 0.735  0.735 | postgres  0.646  0.651
4.2.2 &3t # Borderline-SMOTE 3f % 64 7 2l M 364

TR A SCEE 0 ) Borderline-SMOTE 3534 A9 A7
A AR S5 43 A% P B4 A ECEE Y Borderline-SMOTE 5%
PEAT RO A - b B 25640 A9 35T H 23 51 2« bugzilla
columba . jdt,, mozilla , platform . postgres , &b B [ij J&5 [ #F A i i
U5, Bk Borderline-SMOTE Jy i 5 FIA 7 AR 1L, Hgx
TR A B AR BRI AR, SEASRAEAEE AT 5 HS O, OF A2
R TR AN B 5, DAL ol P PP 0 5 9 Ak B 8 TR A
AR —E

RS BEAFEHLENEHEALE

Tab. 5 Samples before and after data imbalance processing
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Fig. 2 Comparison of prediction effects before and after sample imbalance processing
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Tab. 6 Comparison of F-measure values of models before and

after the introduction of extended process features
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Fig. 3 Comparison of F-measure of the models established by the solution in literature[ 19| and the solution in this paper
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