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Abstract Defect prediction based on code changes has the advantage of smaller code inspection cost,easy fault localiza-
tion and rapid fixing. This paper firstly formalized this problem as a multi-objective optimization problem. One objective
is to maximize the number of identified buggy changes,and the other objective is to minimize the cost of code inspec-
tion. There exist an obvious conflict between two objectives, so this paper proposed a novel method MULTI. This me-
thod can generate a set of non-dominated prediction models. In the empirical studies, this paper chose six large-scale

open source projects (with 227417 code changes in total) and considerd ACC and POPT as evaluation indicators of perfor-

mance. Final results show that the proposed method can perform significantly better than the state-of-the-art supervised

methods (i. e. s EALR and Logistic) and unsupervised methods (i.e. , LT and AGE).
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Table 1  Statistical characteristics of datasets
T 4 B[] B sRBEE HBERD/%

Bugzilla(BUG) 1998/8—2006/12 4620 37
Columba(COL) 2002/11—2006/7 4455 31
Eclipse JDT(JDT) 2011/5—2007/12 35386 14
Eclipse Platform(PLA) 2011/5—2007/12 64250 15
MozillaCMOZ) 2000/1—2006/12 98275 5
PostgreSQL(POS) 1996/7—2010/5 20431 25
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Table 3 Comparison of results based on ACC

Table 2 Comparison of results based on POPT
TH 4 MULTI-B MULTI-M  EALR Logistic LT AGE
BUG 0.904 0.832 0. 600 0. 460 0.721 0.661
COL 0.919 0. 885 0.619 0.325 0.732 0.786
JDT 0. 847 0.824 0.588 0.401 0.709 0.685
PLA 0.871 0.861 0.583 0.379 0.717 0.709
MOZ 0.814 0.786 0.498 0.408 0.651 0.638
POS 0.867 0.837 0. 600 0.316 0.742 0.731
EKi: 0.870 0. 837 0.582 0. 381 0.712 0.702
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Fig. 2 Box plot of different methods based on POPT
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HE 4 MULTI-B MULTI-M  EALR Logistic LT AGE
BUG 0.717 0.574 0. 306 0.188 0.449 0.375
COL 0.733 0. 690 0. 400 0.100 0. 440 0.568
JDT 0. 664 0.616 0.330 0.118 0.452 0.408
PLA 0.719 0.688 0. 305 0.076 0.432 0.429
MOZ 0. 606 0. 543 0.180 0.099 0.363 0. 280
POS 0.652 0.583 0. 345 0.071 0.432 0.426
H1E 0.682 0.616 0.311 0.109 0.428 0.414
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