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Multi-source Cross-project Defect Prediction with Data Selection

DENG Jian-hua and WANG Wei
School of Software, Yunnan University, Kunming 650091, China

Abstract Multi-sources cross project defect prediction(MCPDP) aims to use multiple historical data from other projects(source
projects) to predict the likelihood of defects in software modules in the target project. The research solves the cold start problem
of defect prediction modeling and provides a solution for establishing defect prediction model for new software or software system
lacking historical data. Source data selection is considered to be an effective way to further improve the accuracy of cross-project
defect prediction. Therefore,a multi-source cross-project defect prediction method for data selection is studied in this paper. The
method includes two steps:1) feature alignment of source data;2) improve the maximum mean measure to realize source data
screening. In order to verify the effectiveness of the proposed method,experiments are carried out on four public data sets,namely
AEEEM, Relink, NASA and SOFTLAB. The results show that the proposed method improves the F-measure index by 4% and
5% respectively compared with the baseline method, which proves that the proposed method has good performance.

Keywords Multi-source domain, Across projects, Defect prediction,Data selection, Feature alignment
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Fig. 1 Software defect prediction process
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Table 1  Details of data set used in experiment

of instances of metric
Group Dataset All Buggy
EQ 324 129(39. 81 %)
DT 997 206(20. 66 %)
AEEEM LC 691 64(9.26%) 61
ML 1862 245(13.16 %)
PDE 492 209(14.01%)
apache 194 98(50.52%)
Relink safe 56 22(39.29%) 26
zxing 399 118(29.57%)
eml 344 42(12.21%)
NASA mw]l 264 27(10.23%) e
PC3 1125 140(12. 44 %)
PC4 1399 178(12.72%)
arl 121 9(7.44%)
ar3 63 8(12.70%)
SOFTLAB ard 107 20(18.69%) 29
ar5 36 8(22.22%)
ar 101 15(14.85%)

gk 1 T, S5 RS ok B AEEEM™,
NASAPYHI SOFTLAB X 4 4504 42 /9 17 A i b S 9 46 .
i B AE 22 0 Bl I AR 5% 38 SRl O i

ot LA L ESE B DL R
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TR BOHE AR g IR
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(3) R A 32 30 40 S IR < FH )23 — o 19 5 Bl 40 ) 446 56 ¢
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o TR L R AR 2 U8 5 A B A T A 3R 2 R
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# 3 AEEEM 5 NASA,Relink, SOFTLAB [a] (¢ A {2 ¥

Table 3 Similarities between AEEEM and NASA, Relink,

SOFTLAB
BT . %)

cml mwl PC3 PC4 apache safe zxing arl ar3 ard ar5 arb

R - T S EQ 23.3 70.2 5.0 18.2 0.3 74.7 49.0 49.0 37.1 34.3 51.4 69.3
SR 15 55 AR SCAH TR - 0T BT WA 200 L JDT 23.2 68.2 5.0 18.2 0.4 14.5 6.2 43.5 37.0 33.8 51.0 57.6
TCA+ . TCA BRI IERIE 2Z S WA R LM T IREE LC 23.3 70.4 5.0 18.4 0.2 68.8 37.3 51.5 37.1 34.4 51.4 70.6
) e . Wb s s ; - ML 23.3 70.3 5.0 18.4 0.2 78.2 49.2 51.5 37.1 34.3 51.4 70.8

357 A BR I 500 45 GF 9 2 I S R K 3 e 2% R 0K B 5 e L
] \ B i L ) PDE 23.3 70.4 5.0 18.4 0.2 74.7 63.3 51.9 37.1 34.3 51.4 71.4

B B35 e 5 32 W 7 A R A 25 B) DL SE IR AR AT B . FE SR IR ol
# 4 NASA 5 AEEEM, Relink, SOFTLAB [a] 5 41 {8l
Table 4 Similarities between NASA and AEEEM., Relink, SOFTLAB
CHAp7 ;%)
EQ JDT LC ML PDE  apache safe zxing arl ar3 ard ard ar6

cml 25.7 25.7 23.4 21.7 22.7 0.3
mwl 68.7 67.2 70.1 71.3 70. 4 0
PC3 2.4 3.4 3.6 3.0 4.2 0.
PC4 19.7 17.9 20.1 20.8 20.1 0

SO N

22.0 21.6 22.4 27.4 22.3 30.7 25.0
72.0 68. 4 66.9 39.7 44.3 54.0 68.2
2.3 4.0 4.5 7.6 4.9 8.2 3.4
22.6 21.8 18.6 27.6 22.8 37.3 22.2
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HEE

XA, 45

B e £ 1 2 IR B T R TN

# 5 Relink 5 AEEEM,NASA,SOFTLAB [a] #4488 #:
Table 5 Similarities between Relink and AEEEM,NASA,SOFTLAB
CRA 20
EQ JDT LC ML PDE c¢ml mwl PC3 PC4 arl ar3 ard arb arb
apache 0.2 0.2 0.3 0.3 0.3 0.3 0.2 0.3 0.2 0.3 0.2 0.2 02 0.2
sale  62.0 7.0 67.7 55.7 82.7 23.3 70.6 3.7 19.3 53.7 36.8 32.6 53.4 75.1
zxing  38.1 4.8 41.2 24.4 67.1 23.3 70.9 3.7 19.4 55.3 36.9 32.6 53.5 75.0
# 6 SOFTLAB 5 AEEEM, NASA, Relink [a] i1 {2 # 8 HL T EEURIEFER I F-measure {8
Table 6 Similarities between SOFTLAB and AEEEM, NASA,Relink Table 8 F-measure values after data selection in baseline method
Gz 50) Data selcet
EQ JDT LC ML PDE cml mwl PC3 PC4 apache safe zxing Source Target TCA CCA-
arl 52.6 45.4 53.2 52.8 52.4 25.8 68.0 2.5 21.0 0.2 51.7 54.2 EQ-»safe 0.55 0.77
ar3 36.0 36.0 36.4 39.4 35.9 29.6 41.1 6.7 27.7 0.3 35.0 36.0
safe>EQ 0. 35 0. 60
ard 32.8 29.0 31.9 34.0 32.2 25.6 45.8 3.4 24.9 0.2 34.6 34.5 ‘
ar5 52.6 52.0 53.9 53.0 54.1 32.7 55.0 6.1 38.4 0.2 50.8 53.2 IDT—mwl 0.51 0.76
ar6 68.1 58.0 69.6 69.8 73.2 25.9 69.5 2.6 22.6 0.3 71.9 73.9 PDE~>mwl 0.42 0.68
mwl—>ard 0.32 0.58
SR T A 25 B R R B WL, AR SC A B2 SR R D B mwl—>apache 0.23 0.47
MIE 3L IFAEF— N E MU E A, NE3—FE 6 ML~>ar6 0.37 0. 60
. 1 " . w1 . ar6—>ML 41 .6:
W] LR H 4% S50 42 0 KR 1 R B S B 22 v 0 0 1 A 100 o ! 009
N N N e zxing—>cml 0.32 0.57
PERT DL ar6 A2 1E 0 IR B0 6 02 B AR Bs . B 5 84 " o2 050
_—>arb . .
R A AU AR B 3 T 0. 5. M1 » apache $UHE 5 & 4~ % I 0.7 0,56
PR AL AR e e 22, B R IT 0. 01, MEEKERE, PDE->safe 036 0. 60
SOFTLAB %4l 48 o i 8048 N 45 18 S W 800 58 B 5 808 safe>PDE 0.66 0.81
55l B 4R 1 BN B AR LR B AN S Y . 24 NASA Fl Re- LC—>ar6 0.35 0. 60
link 04 4 75 A U5 80 HE i 55 5 b 5 90 48 1 2080 19 A AL M AR #xing = mwl 026 0.53
RNV, " — - " . ar6—>sal 0. 44 0.72
25 3K U B X P A B AR OIS A VR S IR I B . IR, AR S “[ e
. _ - . - safe—>ar6 0.57 0.78
(G EREIEE CNR T SN e S e o
LAt AR 0201 4 TR0 4 U 5 LA O 00 A 0 s ot oo
st Bt 565 5T 05 0 F%) P i el A B PDE—>ar6 0.47 0.76
4.5 ERER Aversge 040 0.65

R TR BB BB 0 A L AR SCR T TCA+ 1 CCA+
TEBIEERERT S F-measure ([HRY S ML, £ 7 A1 8 h 25 ¥
EEERTF TCA+ 1 CCA+ ) F-measure {5, ffESEHEH R
N TR TAZNR

F 7 FEL T EBAEE SRR Y F-measure {H

Table 7 F-measure values before data selection in baseline method

Without data selcet

Source Target TCA+ CCA+
cml—>ard 0. 40 0. 80
ar4d—>cml 0.28 0.78
PC3—>ar4 0.37 0.75
ard—>PC3 0.23 0.74
mwl—>ar4 0.38 0.70
PC3—>ar3 0.46 0.80
PC3—>ar5 0.51 0.76
cml—>zxing 0.53 0.54
zxing—>cml 0. 40 0.39

mwl—>apache 0.33 0.69

apache>mw] 0.43 0.27
PC3—>safe 0.22 0.73
safe>PC3 0.19 0.56

cml—>apache 0.62 0.76

ar3—>apache 0.28 0.32
apache—>ar3 0.31 0.38
ard—>zxing 0. 40 0.47
zxing—>ar4 0.22 0.52
ar5—>safe 0.31 0.47
safe—>arb 0.32 0.55
Average 0. 36 0. 60

F TR 8 HNI T B e £ G TCA+ M CCA+Ji ik
) F-measure {H. 7] LLF H £ B 26 £ )5 TCA #1 CCA+
B F-measure f-F-34{H 53 38K T 420 F0 5% , Bt a) BLAS
518, I T L IS H BRI E AR 0 B 1R R R R
I A5 HH R SEEG A5 R A TR TL BOAR BOHE 0 0 S 0 4 R Y B
FEA B, HX T A TR 9 500 1 48 R AN [ o R Xt 96 4iE T 3k
A7 IR e P 1A A

XFT AR SCH B 2 IR R JF B, R SCHE SOFTLAB,
NASA,AEEEM #I Relink X 4 A4 4 th ik 5 — A 4E 0 H
FRIUE B 3 AT HAEN S IRIE 7635 £ AR F H
FRECHE I AR SCHR 95 % 3 o Y &% 2 500 A AR DL PE R AT ok 4, 3
PEURBCE 5 H AR B AR AU 0 B 2 AT 2 UR B 0 H B
T

A SO S BOA #EAT B0 L #E R B 2k U7 2 HDPM i
FIXLE . % 10 W F-measure {2 100 WH 2 i+ 5197 ¥ H,
DLRRAR R A BT i ARG A . AR T Y Frmeasure -3
{0 0. 72,11 328 J7 % B9 F-measure SEI{H R 0. 71, AR CJ7
1Y F-measure P F 341 H AL J5 5 1Y F-measure B3
mth 1%, 3% 9 il LLF B, AR S0 ik AUC /Y i =i fH 2
0. 85, H R IT VLM LU AN R AR 48 43 10 SR 4R L ILAS T —
FE AR S . S 0 45 AR 1 I B0 8 4 X TR B i ) A T £
Fh 3 Sy LG 38 T 4R 0 B T000 0 B0 45 SR B AL T — el AT
K IRk
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9 BAHRK AUC H s R

Table 9 Comparison results of AUC for each target

Target TCA+ CCA+ MHDP
EQ 0.732 0.678 0.735
JDT 0.735 0. 645 0.723
LC 0.633 0.619 0.708
ML 0.659 0.599 0.718
PDE 0. 655 0.632 0.669

apache 0.697 0.730 0.608
safe 0.721 0.779 0.659
zxing 0.617 0.608 0.63
cml 0.642 0.657 0. 609
mwl 0. 685 0.691 0.709
PC3 0.627 0.651 0.748
PC4 0. 687 0.730 0. 690
arl 0.624 0.669 0.688
ar3 0.733 0.768 0.803
ard 0.751 0.762 0.771
arb 0.819 0.828 0.782
ar6 0.582 0.633 0.852

4.6 T E&SH

RQL G faf fA B AR S T ok A A 4601 A Jle ik 2

XF e # 7 #FE 8 W LI H, TCA+ F1 CCA+ 55 vk 76 50 I
WG , F-measure 7E I 14> B 4& T T 4% A1 5% . B gk AT
DAAS N 2536 - B 37 9 b RS0 £ 19000 1 B A 9T 4 T 3, Ui B
TASCH A R, A FE 10 AT L AR SO A O ok
) F-measure 3 {EH ~ 0. 72,11 HDPM J5 ¥ 1Y F-measure “F-
BIfE A 0. 71, A SCHEH A 7 B b HDPM & 5 1% . HD-

PM J7 5 2 %o $5 4l 0 47 900 Ak BT R #E AT RN S 4R AR SO
PR B bR I AR 1 R R S TR X L I 2
FAEW] A SO B e

RQ2  BET 43 A AR R 1 $0 30 32 5% 07 ¥k %o 5 00 1t s Tt
T B R AT CE R Y B T 2

X 3—FK 6 MK 8 AT LLA I, YR B 5 H br
R AR AL PE 8 =5, F-measure fH 8 &, 522, W 8%, 41 4.
safe~>PDE 1 48 {2l ¥4 J& 0. 82, safe—>PDE [} F-measure {H J&
0. 81.safe—>ar6 MYAHPIPE R 0. 75, 1M safe—>ar6 i F-measure
)& 0. 78, mwl—apache [ AHEIHEJE 0. 002, i mwl—>apache
i) F-measure 1 /& 20 4 A48 Jm AR A9 0. 47, Xt L3R 8 M
F 10 AT LAF L 256 7% 18 2 AR 2 18] i AR U 5 2 I 50
5 HEARESE EARUS . 28R S B AR B 0 AR L R
F-measure fH A8 5, 2 35 K6 22 18] 149 A0 L1 #8055 , F-meas-
ure {H % = . #lA0: {mwl, safe, ar6} > PDE AYJ F-measure
fE2Z 0. 83,17 safe—>PDE () H1 {2 B A7 Kl B B0k B 155
f#0. 83, ar6—>PDE MAR VLR 0. 73, mwl—>PDE iy #l I £ 2
0. 70, mwl—safe B AH LM Z 0. 72, mwl—>ar6 A9 AH L P 2
0.68,safe—>ar6 FJAHLPE R 0. 75, safe>mwl A9 AH L P J&
0.71,ar6—>mwl BIFLLE 0. 70, ar6—>safe A RLJE 0. 72, A
F 9 LA MASI T EILT AT A B AR L1y AUC # 1
A TTESE, U ERSERE R T AR SCER D B R BRI
B WU T B R B X T 2 IR T G T A o
PERA —E MR,

210 ZFEE A MHDP 5 HDPM Y F-measure

Table 10  Multi-source domain MHDP and HDPM F-measure
Source—>Target MHDP Source—>Target HDPM
{EQ,cml,apache}—arl 0.62 {CM, Apache,LLC}—AR3 0.81
{PDE,mwl ,safe}—>ar6 0.83 {MW1.ZXing.EQ}—>AR3 0. 66
{ML.PC4.apache}—>ar6 0.71 {MW1.Apache,PDE}—>AR4 0.69
{PDE,arl,safe}>~PC3 0.63 {PC1,ZXing,EQ}—>AR4 0.79
{ar4 ,mwl,zxing}—>PDE 0.68 {CM1.,ZXing,ML}—>AR5 0.57
{JDT.mwl.ar5}—>apache 0.57 {PC1,Apache,PDE} AR5 0. 64
{mwl ,safe,ar6}—>PDE 0.83 {AR3, Apache,JDT}—=CMI 0.88
{PDE,mwl .ar6 ) —>zxing 0.81 {AR4.ZXing.PDE}—>CM1 0.62
{PDE,PC4.,ar6} —>safe 0. 64 {AR3,Safe,JDT} >MW1 0.69
{ar5,PC3,apache}—>ML 0.70 {AR5,ZXing, ML} —>MW1 0. 65
{ML,PC3,apache}—>ard 0.76 {AR4,Safe,JDT}—>PC1 0. 80
{PDE.mwl,zxing}—>ar6 0. 80 { AR5, Apache,]JDT}—>PC1 0.73
{EQ,arl,zxing}—>ar6 0.78 {CM1,AR3,]JDT}—>Apache 0.75
{JDT.ar6,apache} >mwl 0.67 {PC1.AR4,PDE}— Apache 0.68
{ML.,PC4.apache} —>arl 0.67 {CM1,AR4,ML}—>Safe 0.61
{EQ,PDE,ar6 } —>safe 0.82 {MW1,AR3.EQ}—Safe 0.75
{LC,ar6,safe}—>cml 0.62 {MW1,AR4.,LC}—>ZXing 0. 54
{EQ,safe,ar6}—>mwl 0.83 {PC1.AR3.EQ}—>ZXing 0.69
{ML,cml,safe}—ar5 0.71 {AR3,MW1,ZXing}>EQ 0.87
{PC3,safe,ard } >PDE 0.63 {AR4,CM1,Safe} ~EQ 0.82
{LC,zxing,ar6} >mwl 0.83 {AR4,CM1,ZXing}—>]JDT 0. 64
{mwl ,zxing,ar6}—>PDE 0.81 {AR5,MW1, Apache}—=]DT 0.78
{EQ,PC3,ar3}—>safe 0.70 {AR3,PC1,Safe}—~LC 0.67
{PC3,safe,ar5}—>ML 0.65 {AR4.MW1.Apache};—>LC 0.70
{PC4,safe,arl}—~PDE 0.78 {AR3,PC1,ZXing}>~ML 0.83
{JDT.PC4.arl}—>arl 0.67 {AR4,MW1,Safe} >ML 0. 66
{PDE,PC4.,zxing} —>arl 0.67 {AR3.MW1.Safe}>PDE 0. 62
{EQ.PDE,safe} > ar6 0.82 {AR4,CM1, Apache}—>PDE 0.84
Average 0.72 Average 0.71

GERIE AR SCHR A MVMD 4 5F 3547 BOHE 1 4
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