%1 ] F ¥ i Vol.44 No.1
2016 41 A ACTA ELECTRONICA SINICA Jan. 2016

HE T IERE o7 > WO BA T i B T

o4 BE R P
(1. RDUOREAEALEBE , WAL 43007252, BRI KEH0E TR [ 5 FE 4 S0 0 %, WAL 2 430072)

B OE: LGB TIN5 vk A A R T e BN e s I R AN AL L BRI RITT H AT H AR H 2
[IFEAEAN R B RFAE S0 A1 S figp Redoc A T AL, £ 8 —ogi A A DL IS0 A% 2 > 503, S0 Se A DI 2R s Al X
B PORHIE AR B ARG TR RHIE 22 57 R A [R1 00 H 08 =2 18] 26 5 A DI R B AT, i 6 77 T S8 A i o T3
DRERY. 72 8 ASTFIRITH Bodli e b EA TS0 0 U, S0 45 SR AR W15 LA Ty 2 AR PO AR SO 126 .35 i v 15 0T R o 5000

PERE.
KW OSBRI, TR MLAREST s ANR U
FESES:  TP3l1 XEkFRIRAG: A XEHS: 03722112 (2016)01-0115-08

FEF=4# URL: http://www. ejournal. org. cn DOI: 10.3969/j. issn. 0372-2112.2016.01. 017

Transfer Learning for Software Defect Prediction

CHENG Ming'*, WU Guo-qing'”>, YUAN Meng-ting'
(1. School of Computer ,Wuhan University , Wuhan , Hubei 430072 , China ;
2. State Key Lab of Software Engineering , Wuhan University , Wuhan , Hubei 430072 , China)

Abstract .

diction, largely because of feature distribution differences between the source and target projects. In order to resolve this

The traditional software defect prediction methods have weak adaptive ability for cross-project defect pre-

problem , we propose a novel weighted naive Bayes transfer learning algorithm. Firstly , the feature information of the test data
and training data are collected ;next,our solution computes feature differences,and transfers cross-project data differences in-
to the weights of the training data;finally,on these weighted data,the defect prediction model is built. Our experiments are
conducted on eight open-source projects,and experimental results demonstrate that our method significantly improves cross-
project defect prediction performance,compared to other methods.
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A IR SRR B T B . A TR PR A ] A
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A AT 125 2T H B T

AR JE T IS A o) B B I H e T5000 A p
i, Nam'"™ ] FE R 043 40 BB AR 2548 A 81301 H 58 1o
A RAE S ], ST R TG BT R 22 5, e R it
LT AL 5 W 147 5 190 e s T M 5 H T A DL i
WA B ( Transfer Naive Bayes, TNB ) {ifi FI A1 25k 5 g
P 3 DUt30r 70 26 4%, BOARZ T A SO R & T R T
MVERE , (B TNB SEE AR T SHAUE I 2 2% % H AR s 15
AT 1) fe KA AN e /ML, I AN BB 58 42 S H bR £ s
LT FHLE.

R T2 i v i I Bk 0N P BE L A ST 4y
FIEIA N AFEARE S A EFATMTREA, $2 1h —
R AL DU 357 31 #8 2% 2] .3k (Weighted Naive Bayes,
WNB) . Y1 2% 5 A0 H AR £ 52 22 18] (19 41k 22 5 7%
e Ay DI S AL L 5 76 A GBI el S 00 A 7Y
T R B A S 25 R R BT, WNB A R HE &
PP o . 2 B v i I A o 0 1 R A T At bE AR

2 ETEHrysRBE T

TEHET 1R8I0 B0 e B U000, D AR A 8 A F
P BE SRR, I A7 52 42 1) P JSOX 7 21 ) A
A3 ). BB AR AR IR 23 18] O, BRAF R R ER AR O X =
Py, ey, Horb x, SRR REERPE IS @ AR Y 2
AR G H OO, AN R A B E Rl £ AE A
[ B BERAE P AT 42 T, 7 AE 25 18] (9 7 AIE (878 BB A [
14 CBRFIE 20 Af AN [R] ) . PRI, AR SR S — Rl i A DL -S4y
LRS54 2] S A S K BIR B2 19 ) T 225 00 ) s 1) A
AL TR T P RE.

2.1 FhEE DU Hr R pE AR BY

BB INARFEATE R L= 1 (x,,5,) -, (x50 | H
Hox, FoRE i REARy, IR x BZE N, n Dl
SRREAS A B AR BCUE BB B )RRy, e (Ttrue,
"false”) : BRI BRBBRIC o ("rue’) |, J0 R B AR B AR C
Jy('false’). BUE T = {8, ¢, | AL EE, m Syl
B AR AR A B AR DU $7 20 28 5 1T LU TR 31
SIS ¢ AT 32K

y(t) = arg nyanP(yl t)

) POTT_pal ») (b

Y POTL pat )

Hipt="Aa,, - ,a;, a0, KT 7 ARk
HIBPENEL P(y) P(aly) L P(ylt) 53503 7R 5o B Bk
BRGNS B MR AR R DL 37 43 26 2% (Naive
Bayes ,NB) J&—~ 2 ML (1% DU 307 43 28 50 1. i vk e
JE PN 245 2 288 1 5 e At 7 T A ML AR SO B
WNB B LA SR 5L T AR 7R3 B o o, 44>
B GRAT HT F BE t $ BORR AR, B 5 J M 2 [A) A L
WS IFEAAEAE RO OE FR , TR ATIN & A~ & Pk R A
B A AH R A
2.2 SNt HTAERY ( Weighted Naive Bayes, WNB)

TR IR 15 S, B SR I A i, e
TSNS 5 H AT L85, 38 4 A I 25 52 451 5 0
AR MARARLEE 5 9K 5 56 T 845 51 1 J V5 AR AL % Ak
RN GRS AT, f ) 5 T IMAN 25 85 4 g 3
TR
2.2.1 HUEHE

1E WNB J7iE A L3RRy x, = {ay,a,,
ay b a, ) x, WA J AN B R, kR IEANEL S 1 ARG
S A X B 2 1] A AEARLEE , St R ik A A
GRARTEXT N JE 1 L W REAE 25 5. 58 U@ PERHAE ) ( At-
tribute Characteristic Vector, ACV) , H:fq 5 N IT &= 4%,
53 R A B vz e M ) e /ML B AR - S 4E L
RLAE P Kb o 22, e ACV, = {ait _ming, att - max;,
attimeanj,attfmedianj,attfstdj% =1, ,k,ACV,
K J A JEVERY R RRE [ . TSR AR A 2R AR R
PEAFE = A5, BV . ACVSet _Test = {ACV, -+ ,ACV, |,
ACVSet _Train = {ACV, ,--- ,ACV, |. fEAR 3, J& 1L
Z A 25 5 AR AR AT =z R) 1) 5 JE i, B K
22 SR W B R R TR B 3B 0, i T8
Bt e 840 2 2R Sl (B A R QB o T o B M
RURHE Z 18] B AR 22 S PR A SR T R = BE 2 45
DA 5 U R S 000 N T M b B R AE 22 5, A4 3 J 1k
2w Dif = {d,, -, d, |, b d oS AR
JE 5t

WML x, = La,, - a, b P HENEES
DS A o o7 S P 1 22 5, THERE A T

..—'_2+...+ ___’.2
dﬁerenceU:J(aU a;) (a; -a,;) (2)

n
S difference, WSS x, 457 AR SR YL
RERHEE 5 m S REA N ), FREE m IR
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A j AN B PR A B A R A v BT R ] 8
ok e difforence, T Dif X484t d, (018315 V15
x, SR AR LR , T AR R A B -
sim, = Zf:ls(a”) (3)

QR difference, <d; M| s(a;) =1, %N s(a;) =0. 7EI
G—0l5 5 3 NGRS x, = 12,6,3, false’ |, x,
=1{7,8,2,'false’| ,x, = {3,5,6, "true’ |. 3 L4 .
t,=15,2,4},t,=12,6,3},t, =1{1,3,2}. ifid FIRA
2, TN 25 4 0 D0 2 4 Ja R R AIE ) 4R S ACVSer
Train=11{2,7,4,3,2.6},{5,8,6.3,6,1.5},{2,6,3.7,
3,24} ACVSet _Test = {1{1,5,3,3,2},1{2,6,3.7,3,21,
{2,4,3,3, 11}, =5 Z W J@ Pk 2% 7 [l & 4 Dif =
{2.5,5.4.2.41 85 MRAEK(2) . (3) IHHE YIRS
AL sim,. 19 A I ZREAS x, 1 3 A~ b X1 5
JE 2% 5 difference, 535 4 11.9,2.9,0.8},1.9 <2.5,
2.9<5.4,0.8 <2.4,Frl sim, =3. [F]# sim, =2, sim,
=2.
2.2.2 IGHENE

R TR i R AR A B AR SO A BE 51 A
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A B YIZRSE 6] x, AR 5 mbsim M* B IE H, 5
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o AR URBE S 19-F-J7) . IR, VIR A L A 08 -
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MR E IR, S x, 5 I A AR DR ey, Tt A
w, BOR. R IO R AR, e Rl R A
R I 3R i 26 23 A i SR 5 5 ) 5 i X
PEARARL, XA GRS 91 1 B AT 5 22 A, I 4 2%
GRS T A St N AT B AR, R O X A 28] LA
AT IR A b AR SCR[ 13 ], St
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Horw, RINGRFEA x, ATy, @)@ e, n
RN, n, AN EL 0(y,,y) B— TR
PR, BNy, =y UK 1, A5 00 Sy 0. A []) 2R )11 5 4k 4
2 ARSI AR X TS ) x, 5 AR
o, W9 5P
1+ 27210(%’%)0(%’3’)”{

no+ D 0y,
Hor a5 i DINGRIBIR SR j A BT, n, S j A
JRPEAN [F (A

H TR e K A 1 JR Ak 4 O B A
HEAT B R AL L. 255 DL 28 2, DA s mT AR 4 1o
DRSS AT 328, 6 b 1 ), AR B il 58 e,
=12,6 31 #4702, i 45:0(4) , 15 w, =30, =0. 5 ,w,
=0.5.

HAER(5) 5 P(y) , Kb n, =2,n =3, JirLA:

1 +w, x1 +w, x1

P(a;l y) =

P('false’) = =0.75; w3,

n, 4w, +w, +w,
P('true’) =0. 25.
HAE(6) T P(a;ly) MR EBIA 0, =30, =
3,n, =3,

l+w, x1x1 8

P(a, =21'false’) = , [A) 3

n,+w, +w, 13
3

P(ay =61 "false’) =5, P(a, =31 false’) =3,

P(a, =21"true’) :%,P((}L2 =61 true’) :%,

Pay =31 true’) = 2 MO T 00 BB £, AL

(1)45.P('false’It,) =0.969,P('true’lt,) =0.031.
K4 0.969 >0. 031, ¢, % il ' false’.
2.2.3 WNB &ENH

&£ 1 Weighted Naive Bayes (WNB)
Input; The set of labeled samples L;
The set of unlabeled samples T';

Output; WNB classifier M;
1 : Compute ACVSet _ Train of L and ACVSet _ Test of T
2 . Compute Dif between ACVSet _ Train and ACVSet _ Test ;
3 .for each instance x; € L do
4. According to Eqs(2,3) ,set sim; to x;;
5:end for
6 :for each instance x; € L do
7: According to Eq(4) ,set w; to x;;
8:end for
9:According to Eqs(5,6,1),

Build Weighted Naive Bayes;

10 :for each instance ¢; e T do



118 H ¥

EE ¢ 2016 4

11: Use Eq(1) to predict ¢,
12 :end for

13 :return M

Bk L T WNB 23288 D A QRS st Il 2r Kdls
AR n, IR AR m ok oy @ PERCRE. WNB 732
ot EEALAE 3 A0 AL 3R, BUE T3 LA Sty 1
WNB 73264 B b PRI 2R A iR 4 s
FFAE [ 5 2B AT R 50 5 2 O (kn) AL O Chm) | 112
S R R A B A L I B 2 A AT ]
O (kmn) , FUEWKAEL 5 22170 [A] 2 O (kn). fizJ5 WNB
PR AT (] D O (kn). NI WNB 732845 B
WIBATH BN O (kmn). 5 NN 1 9845 77 ik 19 Bl s
FYIEIAE S, = T TNB J5 5@ A7 ).

H1 T 52 B 1 I R 4R 5 I B 2 TRV AE A 19 00 A 2
S, A WNB 732648 HA AR R . SCik[ 7 ], i 1
R BN Z IR EEES, R AR kYIRS kI 25
TR B B HOR S e B 7 SCRRLO |, 3201 R gk

IR 22 8] f I AT R0 A8 25 [R] o 38 W S 3132 25 [
TH I 3 10 22 5. AEAR SO AT A 25 01 R Bl A %
TH B2 SR AT RE 6L 7 A A 8. e FRATT O o7 A3 )N 5
FEA TR T AN R, 76 S Al b AS) £ T AR Y. T3
AN SR SN ASE R ] L S5 K BRI 3t A1) i T B30 £
KL, AT e G R I RS 1) TR L SRR 45 SR SR W] WNB
TETERE AL

3 XBWERSHH

3.1 HIE&E

ARSCAEBI K4 AEEEM'™ F1 ReLink ' | 44 3%
T 26 LES I H B BT 45 8 380 B i 15 5 3 I
RS HEARIC I 22 , PRI AR SCoR T 007 247 B I
HEAREC K 1 L 2 k. Hirh AEEEM 405 61
A BE i@ P, ReLink 627 26 A @ 1, 36 3 % 4 430
B A3 A B A

%1 AEEEM $iR&

Bl A 5 P[] J& 41 SRR BB AR J& g
Eclipse JDT Core 1. 1. 2005
3.4 997 206(20. 66% ) 61
www. eclipse. org/jdt/ core/ —-6.17.2008
Eclipse PDE UL 1. 1. 2005
3.4.1 1492 209(14.01% ) 61
www. eclipse. org/pde/pde-ui/ 9.11.2008
Equinox framework 1. 1. 2005
3.4 325 129(39.69% ) 61
www. eclipse. org/equinox/ —-6.25.2008
Mylyn 1. 17. 2005
3.1 1862 245(13. 16% ) 61
www. eclipse. org/mylyn/ -3.17.2009
Apache Lucene 1. 1. 2005
2.4.0 691 91(13.16% ) 61
lucene. apache. org -10. 8. 2008
&2 ReLink #iE&E
peES WA= e 1] J& 390 SRR BB JE gk
Apache HTTP Server
2.0 11.2004 -4.2008 194 98(50.52% ) 26
hitpd. apache. org/
Openlntents Safe Revision
12. 2007 -12. 2010 56 22(39.29% ) 26
www. openintents. org/ 1088 -2073
7/Xing
1.6 11.2007 - 12.2010 399 118(29.57% ) 26
code. google. com/p/ zxing/
&3 AEEEM BiREHSEE(E B
JE Bk R filiik

Previous defects

Source code

Entropy

Entropy of source code

Churn of source code

numberOfBugsFoundUntil

ck _ oo _ wme
ck _ oo _ cbo
CvsEntropy

CvsLogEntropy
LDHH _ cbo

WCHU _ cho

Number of all bugs
Weighted Method Count
Coupling Between Objects
Entropy of code changes
Logarithmically decayed CvsEntropy

Linearly decayed entropy of ck _ oo _ cho

Weighted churn of ck _ oo _ cho
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%4 ReLink BIREHSEEEFE R MR

JE R fd i P

82

Average cyclomatic complexity for all nested
AvgCyclomatic )
functions of methods.

Average number of lines for all nested func-

AvgLine )
tions or methods.
. Number of all lines for all nested functions or
CountLine
methods.
CountStmt Number of statements.
) Maximum cyclomatic complexity of all nested
MaxCyclomatic

functions or methods.
RatioCommentToCode | Ratio of comment lines to code lines.

Sum of cyclomatic complexity of all nested
SumCyclomatic )
functions or methods.

3.2 ZWERSH
ARTOR A 42 AR AN FL AR A A R )
MBE T X LE PR T3R8 S PR YR 1R HE G

x5 BMUER

T A R T Sk TC B
FLSA BRI A B
HITRA c D

A4 (recall ) , E T/ T 5k i 465 e i 5 L 50 ok

BB B LA, TS AR

recall = 1+B

A IESR (precision) , TE B T e g 452 e B 5 F 00 dghe
(8o S A (R g e RS2 (1

precision =

A

A+C

F1 Ay 4 30 0 A5 o 25 16 81 11 25 80, (B0 55 1

Mk R AT

_ 2 xrecall x precision

F1=

recall + precision

(1) 52T H i b T S5 90 45 5 L Ao

T3 T 26 ZH 85150 H B G BT 55 , AEEEM £ 4 4
H 8 20 2555 H 4 4 . EQ- > PDE JDT- > EQ \ML- >
JDT 5. B4 ReLink H4d 5 6 2HES T H A 5. 1 T4K
i tE AEEEM 1 ReLink 22 [A] 776 A W] (1% 52 & J& 1k,
IWARERS LA A ¥ WNB FiFR 2R DU §r 43 26 4% NB, NN
CRUBLYI 5 $cd 6 4 K =10) 7 [ TCA™ 1) J¢ TNB™' 2
T AT UL

6 ~T G AR SCTr 5 AL T B 7E 26 41 #5350
HAA ER R ES ST . 52T NB gy AR5 50 45
R 2E e TR IR % O W 3 H 2 R) %L
P22 5 FE T NN I TCA g~y A5 7 i) T 4 e 1 St A
TIET NB i H i TEA e B 3 TR
22 SRR M ZRAEAS T 3 280 2k vl R AL 5 A A
S, R P 5 3 T M RE O S+ 43 LR BE T TNB
ST B TR P R 4 R A PR L B T H
PIAEAS S PR A B R AR /MEL, FF AN BB 58 42 S e B A B His
LEFTA L , R TR R PR AIE 22 5 B0/ INI A BE BT L
TP A T A5 5R 5 JEF WNB G ST (18 5 00 A5 R0 AS 25 34T ]
WGRAEAS, I 580075 18 H AR REAS 1Y BT A J VAL, (545
DPERE O T oAt FL A AL, 7E 3R 6 Rk 7 vhth /R T 30
I PA BB A e T 1 E ( Test- > Test, + 4758 L ERIE ) . 18
WAFOUT 300 H A B e e 5000 1) 14 RE O T 125 100 H i B
. H S WNB (% J5000 25 R 4 0 1 2 0 T 00 H &R
SR T 1 BE. e AP T Wilcoxon 45 B A6 5 2k %o
SHEER P10 T, B E KPR E R 5%

Bi P {E/NTF 0.05 WFA Ry WA L4 7 ik i PR fE

A G B SO R P Bl S b P AE N T

0.05, K1t WNB 5 HoAlh FL 87 kARG T2 3 S EAFAE

L PR
#6 Relink $1REHTIE GRIETN F1 4R L

Train- > Test NB NN-filter TCA +NB TNB WNB Within(NB)
Test- > Test
ZXing- > Safe 0.3128 0. 4666 0. 4038 0.5263 0. 5263
Apache- > Safe 0.5272 0. 6692 0.4118 0. 6923 0.7273 03831
Safe- > ZXing 0.3019 0. 3285 0. 2957 0.2972 0. 3357
Apache- > ZXing 0.3312 0.3601 0. 3006 0. 4090 0. 4090 o4
ZXing- > Apache 0.4339 0.5111 0. 5077 0. 5449 0. 5549
Safe- > Apache 0. 4644 0.4771 0. 5051 0. 5575 0.5797 05983
Average 0. 3952 0. 4687 0. 4041 0. 5045 0. 5222 0.5508

=
s H
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%7 AEEEM #iE4& BB S FN F1 4 Rttt
Within(NB)
Train- > Test NB NN-filter TCA + NB TNB WNB
Test- > Test
JDT->EQ 0. 6515 0. 6667 0. 4706 0.6513 0. 6942
LC->EQ 0.6171 0.5732 0. 3981 0.6727 0.6727
0. 6396
ML- > EQ 0. 6031 0. 6001 0.3976 0. 6391 0. 6585
PDE- > EQ 0.6213 0. 5532 0. 4449 0. 6495 0. 6634
EQ->JDT 0.3074 0.2562 0.2182 0. 3672 0.3939
LC->JDT 0.2438 0.3333 0. 2068 0.3714 0. 3680
0. 4748
PDE- > JDT 0.2637 0. 3909 0. 2539 0. 3840 0. 4030
ML- > JDT 0.2444 0. 3409 0. 2533 0. 3593 0.3727
EQ->LC 0. 2000 0. 1394 0. 1081 0.2913 0.2701
JDT- > LC 0.2292 0. 1667 0. 1295 0.3225 0.3452
0. 3029
PDE- > LC 0. 1582 0. 2545 0. 1051 0. 2700 0.2941
ML- > LC 0. 1262 0. 0645 0.1179 0.2349 0.2517
EQ- > ML 0. 2070 0. 1788 0. 1256 0.2770 0.3017
JDT- > ML 0.2373 0. 3076 0.1731 0. 3309 0. 3408
0.3709
LC-> ML 0. 1515 0. 1764 0.1316 0.2708 0. 2588
PDE- > ML 0. 1702 0.2314 0.1389 0. 2808 0.2926
EQ- > PDE 0.2119 0. 1802 0. 1423 0. 2382 0. 2575
JDT-> PDE 0.2172 0.2771 0. 1853 0. 2548 0. 2806
0. 3693
LC-> PDE 0.1773 0.2308 0. 1396 0.2291 0.2979
ML-> PDE 0.1715 0.2021 0. 1625 0. 2283 0.2425
Average 0. 2905 0. 3063 0.2151 0. 3661 0. 3830 0.4315

(2) J T ARl 2B dh A S

PRV GRS MUASE Xk 0 00 A5 75 1) 52 Wi, 7 0 30 4R
ReLink Al AEEEM Ay i 8 25 52 30 B 40 , 16 4% 54> I
FUE S s 84 5 0 HG Al 0T 8080 4 S 1 25 88048+
i B5 I H LG K4 ReLink ] LA jE 3 21 52 50 K8
X : Apache + ZXing- > Safe , Apache + Safe- > Zxing , Safe
+ Zxing- > Apache. [F] i , AEEEM 5045 4E v] #4355 2H 5K
B E T U GRS N 10% 3] 100% , WL %€ T3 )
TR ) 1 RE.

K1 ~8 70 Bl e 7R T 45 8l J7 35 A6 AN [R] K LRSS 1
9 F1AE. B PRI LA A 5 HAR J7 12, WNB 45 2%
AESFH F1PERE. B8 TNB 19 F1 {515 WNB J5
EAREFFA RGBT [N 2 % s
R RAFU A 5 /DM K 41l 2 A [R] 0 H K4 =2 1) 9 AH LA
AR ATRE S 20 TS B ISR A MBI i

=24
W

WNB a] DL B 22 i Rt 45 5. D Bt oI 2 el 1 g A
7 A 25 52 e ST ASE TR ) 1 B, 24 )1 R 0 A 3 K A
ARARAEE , Bt 1 5 500 S P9 304 o 000 A TR 4R g 5 24
YIRS A X e 2 (A7 A K 22 5, B I ke
AR BTG, OB R PR RE T .

4 @n

ASSCE X1 T ke g T 00 (] 418t 1 — Fof T )
TIAS DL ST RER f) S #% 2 ) ik WNB. %5 BE R
IR KPR R A 5 T H 8000 15 8, 38 S BA 9000 A5 7
FFERE NG i [0 AL 7 8 ST I H il 4 b
PEATIEH, SCRR A RR ] WNB 503k 35 4w 1 B 0 H
SR TN RE. 78 )5 28 AT, FATH5 Wi gk 3 2 i T R
T H KB WNB (938 F 1 [ bt — 25 2% 18 ] 2R 5
AR HHls B 22 9 5 S £ v 00 1 .
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(Apache) (Safe) (Zxing)
Ll 0.6[[---WNB 045~ WNB p
| ——NB ——NB
- M@:’LT e e,
° ° —o-TCA o 94|--TCA
2 2 os{[=WN 2 |= i
< < <
= 0.45 . S = 03
——TCA OAM
—B-NN
0.4 0.35 0.25
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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