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Abstract: In real software development, a project, which needs defect prediction, may be a new project or maybe has less training data.
A simple solution is to use training data from other projects (i.e., source projects) to construct the model, and use the trained model to
perform prediction on the current project (i.e., target project). However, datasets among different projects may have large distribution
difference. To solve this problem, a novel two phase cross-project defect prediction method FeCTrA is proposed, which considers both
feature transfer and instance transfer. In the feature transfer phase, FeCTrA uses cluster analysis to select features, which have high
distribution similarity between the source project and the target project. In the instance transfer phase, FeCTrA utilizes TrAdaBoost, which
selects relevant instances from the source project when give some labeled instances in the target project. To verify the effectiveness of
FeCTrA, Relink and AEEEM datasets are choosen as the experimental subjects and F1 as the performance measure. Firstly, it is found that
FeCTrA outperforms single phase methods, which only consider feature transfer or instance transfer. Then after comparing with
state-of-the-art baseline methods (i.e., TCA+, Peters filter, Burak filter, and DCPDP), the performance of FeCTrA improves 23%, 7.2%,
9.8%, and 38.2% on Relink dataset and the performance of FeCTrA improves 96.5%, 108.5%, 103.6%, and 107.9% on AEEEM dataset.
Finally, the influence of factors in FeCTrA is analyzed and a guideline to effectively use this method is provided.

Key words: software quality assurance; software defect prediction; cross-project defect prediction; transfer learning; feature transfer;

instance transfer

TRAE R R P2 A T RN DA ) i i O R S 5 SR R A IE A . 3R T R i AN & BT RN B I 22 5 A
JE AT RE TN BB A 5 B R R AR 3 S ] Re s 7 AR BORL A B Al R BAT O, T R N S 4 Al i
EK I 2855 400 2,58 2 25 Jg 0 B AT (0 A8 iy 22 4 A0 BRI H 1) R A i o 350 v S 00 L P 7 5 A 14D s T 7
A6 A2 B A A A 78K v I E A R e A i A D RO 48 52 5t g 1 A DR 5 18 o R b I ) = 5 A B 1
WA B AR 7 A 45 51 0 B TR B T B, A5 B AR 0 70 3 1 500 28 11T R 22 MR U 11 P 7R S B AR W R DG T
IRFR P B 23 VAR R R 1R N 0 40 03, DR 0k B0 5 6 £ B0 1) 2 %8 5 B R 91 5 TR HH 98 70 5 B AR e e, 9 B
JiE X 43 T A2 % 1 I R

R A BB TR (software defect prediction, &K SDP)!' Mg Ho by — Rl AT 47 75 vk MR 4 4 7 b TT % Bl DA K.
EL R TILIR 5t B, (5 B BT 48 2 ) S5 77 3k SR T B A0 I [ A ) A e B A e B . L I, D 0 i 9 A S T A
VA IR A4 1 B T (within-project defect prediction, [ #% WPDP) [l i, R1EE T [7] — 2l H 1 3040 5 B 4 i B el
AT P e S R T 360 5 ) — A1 T 2 R e o T A 2 5 3B K Y DI e S 40, A B I P IR A i A2 8
2 R U R B A =4 R — J77 10, — S5 I 0 H 8 A7 b U a9 — O T b e s o R O R )
N SR A7, XA R 25 5 O T 5 50 3 e B F510 (cross-project defect prediction, f&j #% CPDP)!j]
U R ST 53 38 L T S0 A 50 (RIS 50 H ) 19 7 S0 500 Sk ) 2 6 A e g Tl 45 25 4R/ 75 M i 1ot H (B H b
T E b AT e B P AR T, H TR B E R E BRI E TR 8 Fs o A 7R O A3 I S B A AR ORI 25 e X R
BT AR EA g B TE HARIE AR R A R G R T e DR, 4 N R I E R E BRI E 2 8] o
G AT 2 e, BT T A e YOI 77 vk T T B R i R

B S8 A% 0] A, A SC T IR JR) IS AR AIE ST FH ST B A B MR R B T — D P B B I R B T Oy v
FeCTrA(cross-project software defect prediction using feature clustering and TrAdaBoost). FARNK U, AERFIEIT #
W B % A B RS o W i R R IR H 5 H AR I H 2 1) B i A AR AR R (R AR AE S 7 ST B W B % 0 A5 B
TrAdaBoost J5 5,51 HARIH /b £ CFRE S0, IR I H 3 H 5 3 28 CUFR VA SE 4 20 A AR T 1) S ). T
I01UF FeCTrA JivE M S0, BATEFRHARR MR JTFEP . ZUSETH 1) Relink #4421 AEEEM £¥i 52 1%
HPEMT 2, LA FLAE PRI FE bR 15 50, AT R I, FeCTrA J5 v B 000 4 e AR 110 25 R R AL 1T B8 B B al 52 9 3T
o B B A BRI B 7 25, JE VR A5 0 i (R 5 T BB TN 5 0 TCA+!2), Peters 19351, Burak i skl L K
DCPDP AL, FeCTrA J5 i T TERECE Relink K44 o] LAy 4R T 23%. 7.2%. 9.8%F1 38.2%, 1t
AEEEM $dli 4 B rT L2y 542 T 96.5% . 108.5%- 103.6%F1 107.9%. 3T E IR /3B BATR I, FeCTrA Jiik AL
AT LA 20088 Bk T A 4 A0 R0 DG R AE, 5 L AT LA AR IR H ikt 5 H AR I H 23 A 58 g AH AL 249 e 41, SR AF A
gE AR YL IAIE T FeCTrA J5 ik bk

AR EFETTER AT B AW
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(1) $&H T 5 THRFAEIE A A0 S0 B 1 i85 100 H SRk B P 7 25 FeCTrA, % J5 V6 1] LA RO RS BR U AR F
FEFN TG AR, 3 BT LRI E vhodk th 5 B FR I E 23 A0 AR ABLR) S48, AT A 280k /0 U 2 T E A 5
H 18] () H4hs 23 A0 22 5 1
(2)  FESEUEFIUR RS T 3T 92 PRI H (1) Relink AT AEEEM 3045 55 I8 A 04T 17 A H) 5% 10 [5] 22 % FeCTrA
D7 R IR, O 54 M A ] FeCTrA J7 k48 4L T F5 S i3
(3) IWid¥F FeCTrA 7735 Nam 25 A2 ) TCAH'2, Peters 25 A2 Hi ) Peters 1 yi§3E"), Turhan 48 A
12 1Y Burak i3 3E3141LL 2 Zimmermann 25 A 32 H 1 DCPDP 34T 88, R 1 FeCTrA J5 7 i
WPE fe b R A 2 033X U B il G 22 B AS (1) S8 24 (1R 3E #% 2% 2 J5 VA K M e CPDP Il B 743 GV
ASCE 1 A G AR BB O R TS S FIAH DG AR 56 2 WA FeCTrA J vk KL AR ST 405,
B3 WA HR SO SIS BRI RS PEIR G PEIFR SR . SE R T E LR K TS
WOE LR 4 VN SR 4 RIAT VEAN T e JE IR A A S FERE T — DS AR AT SRR

1 MRER5MEXIME

1.1 BREERRE T

HU AT 8 22 Hb TR0 HE 985 0 S B P A ke, DA T 5 3 4 T O 0 0, AT o 5% v A o . L S AR P AN
B AR R FE Y B RH AR TR 8 P o B ARSI R g B B R S R 3 AN IR
(1) F298 3P s G e H AT mT BE R4 55 40 B 10 3 1 I 50 6 PR R I H BT Ak P AR 45 1) R e (41l C VS
SVN. Git). StBEERE: RSG50 Bugzilla. Mantis. Jira. Trac)Ti [ BAIT A& A G2 0] FH L & 32 1) B IS
AR 55 TR A LR R B AR i S PR B 3 e W 75 ZE, AT DL B A SOy 28 R e RRE 18 gk,
(2) PR BEH I R FFRAC . 8 23 B B AR 52 2% B BT R o RR R AT, AT LA BT 5 A B B A A 56
PE 1) B 42 G (metrics) S 30 ok 3 26 J3 5 G, R UG RE A B 0 AT E B i, 30 3ok 43 M BB B AR 4 AT DA 5
JS 0 I TR T AR IR AR A
(3) AT IR ) g R T4 AR 1) R B YU R4 4R, 1 S AT A0 R I A YA (B W RE AR IR B . B I H —
Ty T RS R 25 22297330 I i Al DL TR S A ML 2 3] VA (B0 Logisitic [M1UA . BEHLARAR. < HER
LA ) 56 AR R R .
T PR ASE 20 N B B3, 24 T XS 38T P R 3 AR R 7 58 O 2 A B ) At B ot i 2 T A 3 ) gt o o) 485 77
R AR B £ SO AL, T LA 5 00T AR B (0 00, R 00 Ay 85 7 dfe A A LR BTG Bk A AR B
1.2 FELN B R R b T
I, 248 K 388 73 B At B FU 77 v kT[] — 0 L 1 000 3 A A5 B ) i NS B T, 3 2 77 VA A R Ok B B
DA A5 B FOIU 77 ¥, T 70 A PR s 1 50 2 PR B X 288 D7 v A 1R e U0 2 R PR T 42 AR T kT R R 9 3 B
S I H AT REHE LA SREE % 2 00w i H i, DR b DR g B A R L T A B R AR AR B A R AR O, i T
L Sl g TUI00 0121538350 R 3 i A= 285 T Al T 35 A I (RIDR IO ) 6 b B AT AR DI R, DR A M
Tt H (B H AR H ) EEAT SRR PR 5 B TR I E R E AR I E R R OK B B o A ZE e 2, DS T VR
H BN ZR AR e H bR H b A 00 i BT RS f T B >). DR b, 388 5 500 e 200 100 5 50 1 0 e s 00
VERA — 8 BT ARG A, T N DT R 1 1) B T 2 P vk v
Zimmermann 25 A\USTESE4EXS CPDP RYRTAT MEETT T K HUAE ) S E I 55, AR T F 9% 45 R 0 AS SR 0. Turhan
2 N T 36T k I AR Burak 29835 FAKT 5 ,1% 7 7 1 S V55 H BRI H v Se ) 5 95 550 H A sz 451
Z VB B RE B AR 5 S B bR I E b A — AN AR bR S, AR I E g R RS H s k(k D 10)AN S R
Je A A IR T H ok H R S0 R B I SR AR S 50 45 36 B Burak i UEVE BRI LUEE T CPDP 11k gL (H 2 A7)
SRAET WPDP J5 7% A [F - Turhan 55 A HARTHH H & BEAT SE 413 £8, Peters %5 AT I H A i1 %4 £
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R 2 AR R R AT 142 T Peters b B AT 5, G AN R I H g AN SN B AR E R S
2 T g 3 PR S8 H AT FR A B S 6T B AR I E S AR e i S, IR T E i S 2 g A 1R S R R
B0 5 &) 24 Ma 25 AP H T TNB(transfer naive bayes) 7 v, Ml 1A 2, 8 1% A Y5 55 H o 5 H bR H
r S48 AR ABL AR S 49 R T B . Wang. 25 A BTN 3 F 9 182 2% 30, MBS B ARG b [ 30 % 8 7R .Chen 25
NCSIRE (1) 7 72 000 2% 1S AR 00 w3 A 7 T 1 ) 592481 X 45 NP H T A B BEHE 42 Hydra, iZAHEZE 5] N
T AR FE RN B ) LISREGR T H A H AR H 2 [ S E R

SRR STN B X S i CPDP il 2 F T IR A 5T, 1% 1) RS2 AR Y5 300 H AN H AR 00 H 1) H AT A R4 4E 7 1)
(R 01 HEAT 5 0 e B TR B %% 10 B8, Turhan 25 AU Hy 7 —Fh ) 807 v RTZE A CPDP BRI % 18
TR E F1H AR H 2 8] A R AR B AR IX BP 7 A TR B AU L A VR I H R E BRI E 1R B AE
D B A AT I B AT TR AN B LA TR AE 23 3t 4 K LAl A P IR 4 BT ) RS A2 He 25 AP ok
{2 T CPDP-IFS J5 ik % 5 vERs A — >S40 v £, I 1 55 1 20 AR AR 45 b 0 BULEL, AT AT LUK H FR 2 H AN
JEITUE Hp R S5 RS B — ANV T 25 (), 129 78 25 18] B SE A8 10 23 A R i 8 A A e, T i /- CPDP mJ BAYE [ — A
FRAE 23 8] A BEAT . Nam 25 ANMO4R 1T HDP(heterogeneous defect prediction) 7 i2:,1% J7 ¥ 1 5 7 41 3% F2 By BRI 45
FE WS B B Jing 48 AR T UMR(unified metric representation) % 75, B8 5 , 48 B #t 78 41 56 43 T (canonical
correlation analysis)>R ¥ /> Y5 20 H A1 H A7 100 H 8] 204 23 A 22 7

Btk b, — BRI ST N 53 2% RE AT T W I 5 R M Yk CPDP [ . Zhong %5 A1 ] k-means Fil NeuralGas
JiERTFR PR PHEAT SR IS WT AR5 AT A — AN 15 b ) i BB I — 2o G o H (5 D (W IE 3B . Bk
B e /MESEIRMELS L R I AA8 L F o8 O K bR ic . Nam fl KimP 2 H T —Ff F 3 775 CLA.CLA J7ik
S AR AE R v A B S S B A R S R R B8 AR S K B A A () S O S R B IR — AR B
Je 4 5 T 8 SRR R S A A A kA R S A, A IR i D TG B SE ) AE CLA I ARG b Nam 55 A
S R AE 32 % R S5 3 RS B B R R e 7S R ER T CLAMI Jyi%i.Zhang % N 2IR5 B i 2 2K (spectral
clustering) /7 25, & T 7B B[] 0 328 388 118 5 Je o B0 4 16 1) 23 503, Yang. 25 A\ 3 B AQ A 86 0 1) SR 00 36 s 0t
A7V B VAl I R0 A bt R B, — S 5 P 1) O W vk B AT M 7 R AT IR S A T A B B, Zhou 4 14
£ 8 W B 5 2B ManualDown Al ManualUp 572 J& JT T 58 K HUAR (K] SEAIE A 9%

13 EBFE3

VT B4R T RS % 3 (transfer learning) 5 S T )32 (B 58 R G AT B 2% 2] ik ia A OO A7 0 40 U0 AR
[Fi] LA D P 800 338 1) 880 30E AT SR AR 1R — Tl 2 30 05923, i 7 VR TR0 T A bl 5 S AN AR (1) T3 W
IR AR L5 (0 I A A 5 0 A2 ST [R) 20 A (R B 805(2) 20 A2 5 ) AR ICREAS A BEVN SRt — NP 7028
HI 1% 5 BRI A% O IR AR SR vk H b A0l Hh A AT 2> 570 R ad R AR 508 B 28 70 I 0 A 1 2 2 ol L i
TG B At B TOUIN AT DAL Ay S % 2% 20 A0 T A 0 e 000 3 1 — AN B .

H 7,8 2% 2 k] LONBE AN 1 BE AT 3 2R R T TR AT 2 M R, O a3 o0 4 288 THREEIY
TR ETEANER %Y. ETSRNIER 2 SR F M IR IR 2 3 e M R, B f
FERT AN 3 25:(1) AT S 3T H RRAUR T A b AR AR (2) BT 3] G R A
FREEFEA(3) Tol BT B 2 2] U A AT H AR AU B A AR S FE AR R 1 DG T RN S 5 iE AN 2R
LS 2% 2 J7 VR B R &R

H 7, 2 1 5 B T 32 BN IR AT 4 [ 51 BE R T I, e v < TRRAE IR I A8 27 =) F B T 52l (R i B
2 00 RN R G 2 (W 7 V8, XA R B AT B IR R AR 8 B TR IR 8 2 20 18 g vk 2K - R A1 U AU A
b SR 2 1) B A7 A () 3 A AL T PR AR A, I T 98 281 AR 3 S AR AT A% 31 A . — L8 95 1 [ 5t B Yol
I IRT S IR0 A £y FE R TTRIF 5. 10 56 T 5251 (03T B 25 20 J5 i AR 9 1 4503 b 5090 A4 358 43 60 U3 M
A T B UL A L 1 9 4813 RS g 9 R R A 1) SE 9 AT R R BB R R — S I H e b T Uy
OIS G AN A BE R TP FT A IR 98 T AR OO 20— i BER IR H o (45 BT RS B H AR I H AR SOk
FETRAE T B8 2% 2] R TS0 T B 2 I AR 4 & 38 0 T 2 T A HEAOT B 2% 20 7 U FeCTrA J5 i,
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Table 1 Relationship between traditional machine learning methods
and different types of transfer learning methods

R 1 ARG S IHEMA RS R 2 2 TR AR

PLk &% 21 77 ik YR AT A H AR AU H YR ATUSAT 55 R H AR AURAT 55
T GENL a2 21 5 ik AR TR IR

JHANT R 2 2 A FI/AS R EAE 2% ANFMEAR S
HAERIT B2 ENGIEEEEPS 1

LM 2 2] AR TR/ LA 2K ENEIEYEES

2 ETHEIRMLHIEHAIGRETAN % FeCTrA

AT SN I TR AR R AN ST 7% 10 B 100 H F0U 7 72 FeCTrA IR shML, 2R 5 6 FeCTrA J7 ik i3
PAHE B8 HEAT F0 38, B 5 5 HE S8 P R AIE 8D A DGV RO AiE 2 A AR AL 16 8 2 v AT A 4
2.1 Rz

AR e TIN5 1 00 () )77 50 50308 A S A TR AR s %o T (0 2 P A RS A T Sl 4 T AE A S o 3 O R o AR
BT IT A B35 E AT BT 70 AL 0 I B et I BT A AR D D i T VR R A AR A 2 R DI R B TR
I A AN LA R S D 5 e T A PR AR A5 S R T X B 2 ST 5 ON B e B T AT 5T e £ B
PRI (¥ 3 50 bR 0 5 DA e F AR IS I S 400 3k /D 1 ) AR T e TR I E R BRI 2 R A7 R R T
B o3 AT 22 5 AL A AE VI E A Lo A ) e B U A AL AN B AR E AE B BRI E RS G R T R —
T, ANRFAIE A1 2T 5, Y500 H b AN BT A I RRAE 4 55 H AR 0 H E A AR AL 20 A1, U 23 A AR ARL R R A B 4l B
FI bR I50 R g 1 i R 2 0 5k B T0 DU AR g — T T, A S0 3 5, D0 0l R A T 000 AR 5 9T AR [
(I3 DR 3 5 ol VI E 6 5l S E AR I B 0 3 A LA 2 R X i ) LB SN B 43 ) IR
IE 3T B 52 S 03T B 1) #A JE R E i o0 81271430380 S Ep 48 7 — i B R 3K 78 0E B T MRS HESE A8 R S 3T 5 £
JE SR G5 /NE I 5 B bR IE 2 [ B 43 A 22 S vk R T AT R AR, B R ECR IR R AR A N i L b U,
FATHE T BB B I B TN 5 7% FeCTrA, 1% 77 4 Tl o [ I 2% R ARF HE ST B RN S 3T A%, B 7E 45 /N W A 150 H
() B35 7 AT 22 7 P AERR HE ST RS B B o T8 3ok SR 28 3 M, vl AR S ok TG DG AR5 AE R TG 4% R AIE 5 4 S5 AT A B Bt
b A H AR I E AT 120 R RGBS B TrAdaBoost J7vENT S H thik 5 H bR H o 4 A5 5 A
AL FF) S5, AT g8 e 11 2 5000 AN A 17 T
2.2 FEHEZR

FeCTrA J7 VL MIRESE ] 1 TR, %07 VEAL 3 WA B B AR AE ST A8 B BORISE BT S i B

o (ERFMEITREIN BN T RESIT B AT R RRE S B FeCTrA J5 ik 14 S5 BRI 00 H 30 b 102 h s B85

H DRI H R H BRI H Hs BEAT S I BB G 6 G I 0 50 A TR AE AT SR 2 A, AT v A G
(15 A 5 4 38 ] — AN e b 2R 5 T S — AN REAE AR YR 350 H Alds R bR I 0 2 R 43 AT TR AR ABL P, LA
S AR kg P R A 5 0 A — A o AR R AT 8 R 270 8 S, AN s — A 8 v 2 U 44 5 T IR R AR A A
e 4T BT B A RRAE .

o FESEBIERL B BN BR IR IS E R E AR E AN 26 TR, ICCR B R AE IS B B S 1R R HE R R 5 H
(¥) ARRFAE 28 5, Rl TrAdaBoost J7 1517 IR wh i H 5 H bR I 40 A3 AR DL B4 R b 8 DI 45 5
Pabe, JE L Boost J7 1EANWT AR, 1 B 5L 7 S8 10 43 S 8 45 B0 T3 0y e DAL J— A kT4
J# 3 7 200 T i B T AR

© TEBREEEEIEDT  htp/ www. jos. org. cn



R4 553k T A5 AR T4 o 2 45) 245 69 55 T B SR FATUR) ik 1313

WIE BRI R W
BHE Az FHE KiF RIE 2R
O g CO—— — 0/
LI = EEEEE
[ : = % E wdaﬂmsl pinf: 23
m* T . p—
p . ]
i | .
NN i3 A B ARIER -
iE i
R
L EEEEE) @
M-y |
p EEEwE Gk
, Pk
T A '.' [ % -
& T
A
A FRAFE SR AT TR Ems R | ] 2
i o .
EEEEE .
i R AR B S

Fig.1 Cross-project software defect prediction framework based on feature transfer and instance transfer
B TR AR A A S5 3 A 5 0 00 e o P00 AE S8

221 FHAEITEME

T S MR AZ B B SR A A E X

TE X 1(HF1E 8 #8 X 1% (inter-feature correlation, & #R 1FC)). IFC(f,f)R RFFAE i FUEFAE f; 2 [l FAH DG, 3L
TR §ASAR .

IFC(fi, ) (KB Y B2 [0, 1] AR C(fy, f) BB ey, 2 Y 5 R 22 T 00 A SC A e 6 v 25 IR C(Fi f)=0 1N, 2 I
iE £ FVRFAE £ 22 18] 56430575 > 1FC(fLf)=1 I 3R BAEAE £ FRFAE £ 2 18] 56 42 AH 56 AR 3L e A FH 1o AR A ) AR DG 8
RTINS 2.2.3 THTIA.

TE X 2(4F1E 2 F B Lt (similarity of feature distribution, &%} SFD)). SFD(f;) 3 WIRFAE £ 76 ¥ 30 H A H 45
TiUH a3 A1 A AU

SED(fi) I AR Vi [ S [0,400). SFD(F) MR AFL 8K, 2 W2 il 45 P> B4l B 1 20 A1 AR AL, (2 R SFD () 1
K FC A SFD(f)=0 2 W2 I AE P A 23l 4R b 23 A1 78 4 ANFHALL AR SC R A8 T A A A 2 A ARABLYE 2 75 i
% 2.2.4 WA,

ST R I TR B B BUR PR R 2 SEVE R0 K-medoids SRR, £ H A2 R K N
A AR RYRFAE, X K AN BE 08 18 13- 25 AN 15 2 18] AR e 28 B KA I ELAR YRR AIE 2 1] PR 28 B /NG AR S35 1 v,
FA VR TTH B S HARIUH s T 5 2438 AORFAE L mo LRI/ kSRt e i 44 75 2T B
(MRFAEEE AT FS.

&% 1. Feature Transfer Phase.

Input:

S: Source project;
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T: Target project;
m: The number of selected features;
k: The number of clusters.
Output:
FS: The selected feature subset.
Remove the class label from both S and T;
Combine S and T as DatasetAll which obtains feature set F={f,f,,fs,....f.};
Compute IFC(f;,f;) between each two different features;
Calculate SFD(f;) for each feature between S and T;
Cluster all feature into K cluster with IFC(f;,f;) and SFD(f;);

Sort features in each cluster in the descending order according to SFD(f;);

AN L AW N =

m . . . .
7:  Select top % C |x——‘ in each cluster, note that n is the number of features without the class feature, |Cj| is
n

the size of the i-th cluster;

8: Put all selected features into FS.

9: RETURN FS.

TR 1 rp i SE R BRIE I E A E AR50 H 2 b I AR RRAE R 147). AR5 K aad 8 b 2B B R A 1) U5 30 H 204
AVH bRI0H BARIEAT G 3 B — A 5 B BB EE G 2 47). B8 5 U AT PN FARRAE 2 (] R AH DG PR IFC(LT)
DL A — AR AEAE P AN 10 B 2 18] (0 43 A AR B SED(R)CGE 3 47 58 4 47) T B S8 X I I FR AR 2 5 BAT R IR SR 26
R AEHE 7 FRRAE I B I AR AR R AR SR 2B R P (BB 5 AT), IFC(F, f) Fia b e FH K 56 e 1 2R 28 R AIE SR 25 14 H 1l o2
KW UG IR AE SR 5 73 BE 2 K A B vh A IX S i vh A — A B AT R P ANRFAE £ R (i) P8 0 vs JBEAH DK 9 (EL 2 7
ANAS TR A% 2 TR) BRI AR 2 B8 ENARAR. AN SR R F2 4 R - 1 2, SFD(R) R Aok il F T 58 8 k AN P BT 4 Ak E
SRR O T G 208 N AH O (R AR D A AR A B b A 0 I 4 v SR SRR I SO R BRAT T S I
FEJE I H A0 H A5 I H o 23 A AR ABLRE d5e s R K ANREAE, 98 J5 AR R AL 53 kAN A% 0 22 ) PR AH O B2 IR AR IR 5
—ANRFAE B 5 2 A S RE S R TP LR B R AR T AN R R T U SR AR A P A2 R R
FR i 1 ok R S A% o O T i R 25 AN RF AIE B i AH DG IR A% b B S e R B A R P AN R AR AR A A 1 AR
HEHE P AR B FE R BB 6 1T 5 7 47), 008 F] SFD(f)FR bR 58 B AE 1% A2 A 0 T4 — AN 5 P 14 T A R Ak
WEATHET J5 A& 1 v O BURR 52 IR RF R A O 0 24 75 AR B 1) R AE, RV R 4 75 BT S IR AIE. B T4 — MBI R
AN AR R, R 3RATI 5 R T A AN A5 P RIS, IR 405 7% 10 D /N ISR T2 P % b 328 b A 2 B 481 £ 5 ALt gt 2
I A R 22 (0 5 0 OB 22 AR AIE, S 2 WU /> BT o A TR R AE AR SED(R) U E AT B8 7 HE )7 )

MABEA I I [l C \x%w AMRFAE. b m ORI AT EE PR MR AE AN BN ORI AT LM T A R AE AN L,

|Cil s FoAN g v 2 A IR AE AN Bt 5 TSR AT A T BRI ARFAE 21 FS T (BB 8 47 36 9 1T).
222 SEEIEEM B

LES BT A B FeCTrA J7 48 F TrAdaBoost!™7 5K 5 i, BT 5 550 E H4 wh Bk 3k 5491, LA AT A2 15 22 () 3
Wit P T e FAR I A B A R A T T AE IR R 7Y TrAdaBoost 22 WIR IR H ik i 5 H AR 3 A vh B & 4R7E
S 3 A ML (R S48, AN T 57 8 SE 451 93T #% . TrAdaBoost /& X Adaboost 1) —AN g5k, & — AN F x4 3535 H = 1)
VI G5 S48 5 B A (M AHERL, 55 H RIS H rh SE8 43 A1 A 2 1D S48 2 48 T 37 B v (DAL, Je -2 ) B /8 DT P LA A 95
T H 3k 305 H AR E A s 51 5 A1 A 2.

HYE 2 AT SEBLT R N RN A VA I N 485 R RE T A L U S YR T H S0 FSource. Zit
HEXER I U 5 1Y H kR 35 3 Bs FTarget, £33 28 Learner LUK fs K% ARVCE NETVE ISy & 5 2 AN 0 2K s
1) 2 B FRUII A7
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R4 553k T A5 AR T4 o 2 45) 245 69 55 T B SR FATUR) ik 1315

RS 2 H, 3 B B TrAdaBoost 58 i SE 1 93T # . TrAdaBoost i 2244 Fl H b 10 H /> & bR id s2 61,0 T
PRAE RN L3R 5 (K 20 1k 5 A0 1 98 )5 1) FSource it 4 Tg, 48R L L 38 )5 1) FTarget peteq e 4 Ts, 0 R FF AL L 38 )5
i) Ftargetynapeles N SCF 1 47).HoH | Tyl=n H H|T=m.2R )5, b & —A B S AriE 1 SZ2 0 -F R I B (5 2 17).bE
ARt TrAdaBoost FIEFRBTBL(ER 3 47~43 10 A7) AEPEH A8, B TS ANRIEE TR ¢ Ja 0t T A0 Tg szl i
B W OH — B CR 4 4T). L0 T R T B0 L, U 43 2688 Learner R4 — /43 MR hy(5F 5 17). 885,
JH 24045 380 1) 7 SR ABCBE 26 30000 H b 200 H o bV B 9249 To, 07 oF SEFIN RS R (55 6 174 28 7 47). 013 2
I AR e 25T S5 T g I, ot SR 549 49 o000 1 8 114 5, 3 S R 3 A S 49 6 AR I8 H o i) s 49 B A AH 1)
AT W W EATA AW 19 7540 B 5 7E. TrAdaboost H AR B 1 3 R BB IR #E N ZRsE AL E I R 7 (5 8 A7),
555,23 ) SRS I H B A H s 0 H s bR S AT XA 7 2RI BAR /N 73 S 15 R S A I
Y P S 000, AT P LURS) S — S LAY R P i 1 5 ) < o Tl A 20 o 2 b R N, T AP 38 22 A 2 2R iR
FEREAT A R R A2 AR 78 70 AT T P A i 20 SR8 1 23 R 010 RO AR S ) S 2B AT TR (365 11 47).

& 3% 2. Instance Transfer Phase.

Input:

FSource™®: data from the source project filtered by feature transfer;

mxc

FTarget,  ..q : labeled data from the target project filtered by feature transfer;
FTarget™ < ., : unlabeled-data from the target project filtered by feature transfer;
Learner: the base learning algorithm learner;
N: the maximum number of iterations.
Output:
1: Use Tgy, Ts and S to represent FSource, FTarget|gpeeq and Ftargetynapeled, respectively;
2: Initial the weight for each labeled instances, that w' = (Wll,...,W1

n+m);
3. fort=1,....Ndo

n+m

4:  Set p' :W‘/[Zwi‘j;
i=l

5.

Call Learner, providing it with Ty+T, and the distribution p' over S;
6: Get back a hypothesis h;:X—Y which can be predicted on the Tg;
n+m gt ) _ .
7. Calculate the error of hyon Tg: ¢, = z w;
i=n+l Zi:nH\Ni
8: Set f = % and !

1—¢ ﬂ:1+\/2ln(n/N)’

tel _

b IR (xi)—c(x)l H
. . W, , I<i<n
9: Update the weight for each instance: W, 't'B . N ;
w gDl p 1 <i<n+m

10: end for

11: Output the hypothesis h; (X) = L HtN:[N/z]ﬂ;hl(X) 2l_ItN:[N/Z]ﬁ‘ 2.
0, otherwise

2.2.3  FRAEZ )R SRR O R Tk

R AEAR DG B2 5 YR B2 B P AR AIE i A0 £ 2 TRV ORI S 1 i) IFC(F f) 4 1 148 6 o R AIE 2 T
(¥ S T W02 2 R AU 2 T R — 5 il J 2 OGR4 P Sl P 1 8 D v ke Al i P AN RRAE 2
I ) 5 2% SE 045 FEL0F ACAN AR 5 P (symmeetric uncertainty, fFR SU) 2 & VE 2 8o p i e 280 1 VR0, R S A
S T SU SR TS AN E 2 T 6 SCIBEE 6, B IFC (R, ) =SU(Fi, F) AR 75 2 8 AR, AR SR H RO ME 4238 H 1 )
DAV S5 AN RFAIE 2 TRDAH S 14 AT 07 3%, R AT W 47 e 12
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SU A B A5 B8 1 BJRS, JE 1 VH SR AL £ M 22 8 B8 93 A1 22 S R R A7 B AN e 2 1) B DRI A o R
AN 1 LA SRR BEAT 5 — Ak, T 43 21 SUL TS24 30 R Bl

SU(f, fg:z{'e(f‘”j)} 1)
. H(f)+H(f)
Hp,
(1) H(R) R 7= HRFAiE 1R AN 1 58 (BRI, 6 SLan h
H(f) == p(f)xlog, p(f) (2)
p(f) KIRFHE f HC— AN 1) S 50 2.
(2) IG(filfy) R A7 B 26 2 RORTESS R AE £ BB 0L N R 800 i i o A L s
IG(filfp)=Hf)-H(f)=H()-H(lf) (3)
H(EIf) R AR £ 58 I D0 REAE £ B8 S A A F
H(f | fy):—fZ‘? p(f,-’)fZ; p(fi| fy)log, p(f| f)) 4)

POF)) 7Ry AN M P 2 B MR bk 2 3T 0, 5 SR 4 28 2 LA O B A A 2 2o e
LB ISR AN 22 S 00 B AT 2 00 B 0 28 R F o A L
2.2.4  RAE 2 1) ) A AL Fr 3 18 T

REAIE S A PR 2 P 88— AN LA PRI A 5 T AN AR [ PR SO B 0 23 A R AR R 8 o S 2 g
SFD(fy) FI T e — A LA 20 75 5 050 H R H bR 350 H B g2 E B4 A5 ATLLRE . FR AT 48 - K-S(Kolmogorov-
Smirnov) 4 56 Sk 6 IF 199 41 KA 23 A7 2 75 R ALK 1 2L K500 2 T A S [7) PR B S R R A X N O K-S
KO0 2l A SR 0, B S 5 A B 2 R 1 LA S I 2 SR S I 43 AT AT B E A v e,
BATH K-S K th ok e 55835 2 5 (X I 00 5 Sy S 0 6 U5 R bR 0 Bl b 2 A AR LR B AR
()2 AR SR H AR 0038 R 1 A 5 — A LA 75 15 AL B b 3 A AABL 0  f] J7 42, TR e LA T 3 JRe

K-S K00 Al S0 B 6, SR IR AR 1) S B 20 A1 845 46 2 B 1 A0 Al A 5 ) 24 4K, K-St vl LU
SKAS TP A A A 1 75 LA 555 25 5, L0 A A2 U5 7 e A P 93 A1 42 75 T (7). A% 7 V25300 5 7 A A g 38 T ¢ 8
3 2 15 AT 2T SR AT S8 Ho 2 75 A 0B 3 AN RS 1 £y B8 W LA B3 K 0 0 2 S S 4 W DA i
PR A SR B A, U 268 Ho.

K-S K0 6 32 WA BE Ho: S 1 00=8200), H 81 00%8,(X). W1 24 S1(%),S,(0) 7> B3 1 ANFIES 2 MREAR
LS 1) B R 29 A B B0 8 4 43 51 K-S BANREA FROSUR K S vt Bl D=max(|S,(x)~Sy(X)|. f1 5565 T4 — %
BEAEL,S, () Sy00) #8345 1 145, WU 28 F0) 795 A 20 B 0 48l 32 A v, DO A B A Ay T B A i sk 11 T
[6) () 430 A B 55033 5L 30 3067 5.3 MK T p-value 5 4 0.05. B I, 4 182 SR 1 1 KT 0.05 B U432 52 J5 487 ¢ H,
T s
3 EWigit

ARATHE 0T FeCTra J5 12 98 VR FE TT SCUE R, B 26 42 BT 1) J50, AR [ £ B SR AR 1 FeCTrA J7 15 % 2K
5T HE RS, 285 A 2 SCUERIFFE b (8 P BRSO 4 P B VT 00 4 b R 58 M R 6 7 ¥ B U A 40 S e
B FT7 kB B e
3.1 HREE

FeCTrA J7 ik H BE7E H BRI H PBA L0 2 VI ZRB00 i RT3 T 52 Bk B T30 T 45 FeCTrA. 5 M
Sy AT 25 SEPEN T G5 E ST R R S0 B SR A itk AR 050 A P 0 5 e T A A A 2 A
T3 H PR RRTE RR 2 A ATABL KRR I, AR 7 J3E AU 3 A 72 53 5 R0 R 4 I P S ) — 7 10T, 9 4
IR 28 ] TrAdaBoost 775,22 W IS I 1326t 5 F bR 350 H 50 TR M AT 23 75 10 52491, AN S 481 £ FEE [ AEC 4
A 2 K B A R 0 52 0.l T 303iF FeCTrA J7 3k 045 A0, A SCHR it F 4 ANBF9T i)
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o RQI:FeCTrA J7iJJ& &40 1 0 002 S 1 s 10 Sk i 0000 7 722

RS0 N G365 T00 e o 000 i) R0 2 22 4t T 22 Bl )y 725, 3R TR % 18 TCA+H), Peters i g i,
Burak 1 3871 A Zimmermann 25 AL H ) 5 10 B e 2 0, FRATTIE [ B 5 18 T AN3E TR EIT B (1) FeCTrA J7
TEFIANEE T LT B 1Y FeCTrA JivE AE FeCTrA J5 i & A7 EIR 22 5% i PR 25, 461 4 4 103 8 [ BB ) AR A1 38 5 L
Bl SR M B H AR E bR SE B E LA R 513 R 2 AR AR AT AT I B P AT T RQ2 # RQ4
09 3 A7 &5 TR, A 3K 2 5 ) R 25 1 B AL AL

e RQ2:7E FeCTrA Jiik MR EIT A By B A AR 1E B LU X FeCTrA J5 vk B BE 5% Lt ] 2

TERAE T B B B FeCTrA 7223808 R840 4, IR IR H I A% 5 H AR T H 2 A1 AEBL 0 R AE.. 5T 71 1%
RQ 1, BATTAR S BT AN [7) (1) 7 HE 6 6 LU B 75 2 X FeCTrA J5 VA I PERE ™ 42 B2 .

e RQ3:7% FeCTrA J7 ikl B B, B #5550 B H Frac SE 4 Lu 95 FeCTrA J7 3% 0 1 fie 5% e i 2

1ESEBT R By B FeCTrA J5i0i 5 ZAEH > 5 H AR T H T 28 hr i IF) SE 1. BRI A % RQ BT TAR 4 7 4 7
AN HARIE bR I S E AR TR 456 FeCTrA Jiik (1 58 7= A 52 .

o RQ&ALUANF 7y Fas Xt FeCTrA J5 ik (¥ 58 52 i 4 g2

FeCTrA J5 i A il s ZEHR AL 3 S35 DL Jld TouiASE 700 (10 44 g 70 2004 tife o o) 4oitsl b A0 132 A8 100 9 26 8% 32
AR T R I TR I 40 2838 R T YRS I 2r 838 55 T s a1 49 98 38 DA B TR e o W 4 25 2%
8 ANTRI S B 1) 43 S 25 A1 A IR B8 42 b 1% TR0 1 8 S AN AH [ BRL b B ATT AR 43 01 AN [R) S 2L 1) 43 2 28 2 A5 S5 X
FeCTrA 7k PERE =25 M.
3.2 FEMX &K

TEBRATTIA SEUE BRI FE o A8 FH 7 70 0 e a0 g 000 40 3 b 4 W 9 N DA 32 A I 3548 B2 (R Relink 25408 42 N
AEEEM ¥ )20 3% 2 1k 3 51 T3 5 A Biodi 42 10 B TR iE

Table 2 Statistical characteristics of Relink datasets
& 2 Relink 2R E M G RRE

WiH UEESE [ B AR R (EL ) FEESL LR
Apache Web server 194 98(50.52%) 26 A

Safe Security 56 22(39.29%) 26 XA
ZXing Bar-code reader library 399 118(29.57%) 26 s

Table 3 Statistical characteristics of AEEEM datasets
%=z 3 AEEEM IR LG FFIE

i H T H 2K LS A BRI (EL 1) T IEEL P
EQ OSGI frameword 325 129(39.69%) 61 B
JDT Development 997 206(20.66%) 61 e
LC Text search engine library 399 64(9.26%) 61 %
ML Task management 1862 245(13.16%) 61 *
PDE Development 1492 209(14.01%) 61 2k

Relink $#i 4202 i1 Wu 26 AP A3 3 1 3 FLAS B 107 200 S0 4 b (1 B b 5 300 AT 7 WA Al AT 4
H Understand T H (https://scitools.com)Z#7 3 A3l H (1 41 Apache. Safe Fl ZXing), AJEALHD 4l Byt F 211
BATFRIEFE bR Relink 08 517 26 A~ 5 2% B RRAE, X SUIFAE 5 20 TACH (¥ 52 2% B AN B iR 07 A m B3 4
PIAN R 23 TR 9 B % B AR R AN ik T B IO R AR 3R 4 AU B 2% 10X 26 AR ) 7 ANURAE 36 He 2 )tk
AT &R .Understand P 3 1] DL 1) 21 55 AN RRAE 1 AR SC.

AEEEM ${4%4E /& il D’ Ambros 25 A9 428 357 AEEEM Hh ({94 — AN H #5405 61 AMREAE, L, 17 A8
T SIEACR A G IR AE,S A8 T5 Z A AR OC IREAE,S AN 8 T 5 AR AR SR A OC I REAE, 17 A8 T 5 JEAR
TR IR AH G IR AIE BA K 17 A T 55 VARS8 1R AH OC R R AiE. S0 R AR b 30, AEEEM 25045 2580, & 42 P 268U (LDHH)
AIRUE % B(WCHU).LDHH Fl WCHU T2 1IE 52 1O T BB 1 A& Ak 5 A H .48 5 AU T AEEEM

© TEBREEEEIEDT  htp/ www. jos. org. cn



1318 Journal of Software #t#F%4% Vol.30, No.5, May 2019

F B 20 A B L LA XL
Table 4 Description of some feactures in Relink dataset

F 4 Relink FHa4E 5005 AE 10 A ik

R 2 FR ik
AvgCyclomatic JTA R 1) BR KT VIR T3 B 5T e
AvgLine T Bk 1) R BB s T AT 4
CountLine JIT A A R BB R T AT AT I
CountStmt ERak e
MaxCyclomatic T Wk 11 R BB 1 I e K P 2 2
RaticCommentToCode R 7 BT ARG Y L)
SumCyclomatic A kS (1) R Bl 7 5 1 Bl 5 e B 2

Table 5 Description of some feactures in AEEEM dataset
%5 AEEEM Kl 5 oh il 0 REAE (1 4 ik

B3] FEAE 24 R ik
R ck oo cho G AR A R
SR b ck 0o numberOfLinesOfCode A AT $
: STy
o A b numbeer‘EugsFoundUntll ' ' gzl E:;ZIMLE J/{IJ% [ ﬁ:ﬁ{;
numberOfCriticalBugsFoundUntil P () G B
AR AR b CvsLogEntropy CvsEntropy [1)%F £ ik
. o LDHH cbo ck oo cbo )£k M FE Yk
PR A R b .
IR b LDHH numberOfLinesOfCode ck oo numberOfLinesOfCode (1) 45 'k % ik
R _ H ;
B I b WCHU cbo ck 00 cbo IR IR

WCHU numberOfLinesOfCode ck oo numberOfLinesOfCode FJ il %% i

AR AN 1 ) ) 288 2R 95 T H Sl PR 0 e R, B 050 H R H AR T H 25 08 T A [ (8 R AR 4R 4 Rt FeCTrA
T3 AR [F) — A H s B A B 00 Bl B[R] 53R4T B4 1t H SO 5¢. 40 0 7E Relink %48 48 1 FeCTrA J5 2 1) LAE H
Apache 1E ¥R I H {8 H Safe 8034 ZXing /£ H A= H Bl Apache—Safe 8 # Apache—ZXing.{H &% T Relink
Hen B AR — 1 BSOUR B H L AEEEM £ 8 AR 2 — B B A48 E ARl H X P O, FeCTrA 77 15 67 Ab 1 441 a1,
A Apache J4l,Apache—{EQ,JDT,LC,ML,PDE}7E FeCTrA J5 ik HH 2R3 #11).
3.3 IEMIEHR

P HARIH AT — SEE S B AT AL S S8 4 ol ag % B 45 02— AN e B 1 S 400 ke T Ay
A BB SE 12 4 TP(true positive); 54— AN B A SR B 1) S48 4 7l U0 24 7 Bk B 52460, 3 8 FP(false positive); 24—
AN T B B B S 400 A TR Ay 2 S B ) SE A8, i - FN(false negative); 24— AN N5 73 Bk B O S0 4% TR0 A 12 ik B
P SEH,8 4 TN(true negative). 8 BLFIX ST GE IR H H 45 3, 7T LLE A ik %6 (precision) . £ 4> % (recall) LA &
F1 J% & (F1-measure).

o TEVHEIAEPTAT RN A A7 K 1) S A5 P B A AT B K S T o £ B g

Precision=TP/(TP+FP) ©)
o AR T HAE A R IR S A B L A TR A A RO () S48 T i e
Recall=TP/(TP+FN) (6)

o F1JEHXFRA Fl-Score, & L5 G 7% [E A HE R M RPN FEAR K HE 15, H 2 LT,

- 2% Pre_c_ision x Recall @
Precision + Recall

T AR AT UEF A A R AT — AT o, — ok i, 77 M 2R 1 B 7 A AR AR R T 7 4 e i, A E R A

FEAR ARG AR HT 0 1) 5 G AR A 5 AN A0 FH A vhe 0 B3 A 4 30 A D VR AN SR A (R TR0 A R gE AT LA il F1 il A

THE S A 4 28 ) Y RS- B B0 BT R, R B 2% B 15 TT AR A e A A A e A8 E IR AP B R T, W DA 4 [T b Jse
W5 SEBR T BRI AL S5 2 T A SO FL VRO & Ui R P e

Fl1
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3.4 EEMWMBFTIEMREESFHZ.
35 BRIRMNM D KFAERENIRARTS

9 T RS0 AN [ 5 VA A () P B 2 SR AT 3 AR SO IR T )2 A ) Wilcoxon 55 RGBS A% R 56 2
LS MG R BR S, B R A 5,0 BB IR 5 0 AN R 7 R As e B — D Bt 4k B
B PERE & SR 1A 22 S EAT HE 7 IR I B TR 1) 22 55 T N 4L S B0 ot DA oy s IX IS 70 KA AE 2 1 41
B L RTEREZE 7, 1X N 2 22 5o Sx MR 22 5 1) 0 0 (B AT HE Py 4 SR 2 TG 22 57, 1D =0, UK e AT il = 22 S
AT BHEAR e B R ] RIS 2 PO T2 1 TS0t G I HE 4 S A RTER 2R
2 RS T AR 1 RSN A AR A4 SR 2 di=0 I UIBUTT A di A O BB XS B R HE 44 2 R — 2 i 2R
AT RIS B 75 B 2 L b — S Bl s 2 2 3 R RTIK 32 SCAF

R* =" rank(d) +1 > rank(d;) (8)
di>0 zdi:O

R™ =" rank(d,) +1 > rank(d;) 9)
dj <0 2di:0

i T 4 RORTIXHH [ ML BN T=min(R",R). % T 88l 8T 25 AR 4, F i m e i A &R 40 A
P T IES DA,

T —1N(N +1)
4 (10)

7=
1
\/ZN(N +D2N +1)

MR E R T a=0.05 U5 2<—1.96, T 25 BBk Bl 45 4, R BA 4 LU A I PR AN 73 38 1 1k e 2 A7 7T
B 7E 5 M. 0% T Wilcoxon (W IV 4H IR 1R, W] 2% SCHR[58,59].

T 720 L W Fh 7 v 22 1R 1 e, FRATI S FH <“Win/Draw/Loss™ 70 B AERF @ VP Fe AR b7k 1vs Jiidk
2711 “Win/Draw/Loss” 45 AT 3 3 Fii o, BTk 17 PERE 2 0 T M lE s 8 22 T 071k 27 bk
HIIREL.

36 XURBERHEAESHIRE

2T VP4 FeCTrA 53275 i I H & Fa 10l b i Mk e BRATTLL AR T 6 Tl i 1R 5 100 H 2 sl e Tt o7 32
(1) HALSRHET R M Bl FeCTrA J7i%,id 0 FeCTrA(FT);(2) ML S BliE B My BEY FeCTrA J5ik,idh
FeCTrA(IT);(3) Nam % A2 tH () TCA+7772;(4) Peters 25 AP H 1) Peters it #§75;(5) Turhan 25 AUH42 Hi 11
Burak 1 #§1%:;(6) Zimmermann %5 ANUPHE ) 715,00 T I St A 19 7 48 6 3432 DCPDP(directly cross-project
defect prediction) /7 V%,

FeCTrA 77k 3 EAFGFAEIT R AL 38 P A B B AR RFAEIT A [ B, 7 226 RE AR 14T 2 2810 A58 1 A 4
TR 36 PR 8 A 2 o T 1 A 7 A T S S . A T 9 A L0001 3 Wi, bl e T ARL A %2 AN B M TogoM/2 1,38
MR OR R AGRAE IS BB DR DR B RFE N ECA 40%xMLAE ST A B B 7 4L H BRI H Hh S A4y
EL bR 10 I ECHE B 44 1 DL R FeCTrA 77 v N B bR I B ikt 10% 0 52 4 45 2 2 48 b5 31 18 S 490 Bk itk 2 4,
TrAdaboost #& N ASWEAR [t FE A 7T 147100 Vs A RT LA 45 458 (1 F RE ML S IR B, FeC Tr A 5 120 55
BT B B 1 AR E R 100,24 T 962D BEATL X 512 56 5 AL 1 1) 5% ), 4% S0 52 AT FeCTrA 777 100 X,
FEHUIEAE Ny f 28 25 B A1, 2T S0 AN R A B9 20 AT AR AL RS I AR SCAE T R 88 5 1R K-S K.

TCA+J7 RN TCA ik — A9 &, E2A AU B = AL 7 v B BB BEA TCA B H B B

S 20 R T S I FR) B2 I SR TN 5 3% e A £ 7 SR R 38 AR ST P P e o I s P e )i

i I ¥ Naive Bayes!- %215 Jy BRIA 53 2285 FeCTrA J5 VAR AT Sl J5 i 3EF weka BP0 4 P 55 L.
R85 I e g PRI P 52 56 mh SR — 0 — ) 05 2 RITRE R £ 1 AT H AR D P 0T H e 4% 55 — N IUH AR
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h HFRIUH LA Relink 2045 8 ) Apache 15t H i, Ho 6T B 5 I H AT LLSE Safe, B0 A& ZXing, (H I A L iF 2
PIANTIH (il b 2 % T FeCTrA Jy vk, i 2 A B A IR T80 H 50 A H AR I H o b5 CL 2 bm v 1B AF 4 I
R4 AR SR R G 141 28 Rz 36 b 31 7 3 T e — R 4, SR T R A A B A YR T E 09 T A bRl
AR AT H AR H (B 10%) O i B0 15 2 e 2 K I SR8 AR 5 7R BN E 4 i sl — AN IS 00 H T B 7
WA AL 352 5 b H AR I E b AR AR LT (BT 90%) E i #-AT TN AK v 5 H dw 0 H b & — 97 800 45 A f g il 4k
A, TR R LT, A3 Bk 5 1 R %R 10 WG RIAT5- 21 100 WS286 45 5L A, O T B AR BT A 0 H K
0 A [ R A L kAT P R A0 2 ST VT Al T T e fth 35 o T SR BT AR TR B S B 3 A BT R H R AN TR T
FeCTrA J7 %, r ik B I M SR 4R FE A5 H AR T H b & 1R 10 508 (B 10%), B He Ar 05 100 H 2008 1
o FC R I R, 48 5 TR E bR I H 1 A bR i B0 (B8 90%).

AT Sz AE DU BCE K B L B3B8 AT 3 4E R 45 Windows 7,64 {7;CPU:Intel(R) Core(TM) i5-4590CPU@
3.30GHzx2; N {7:16G.

4 KIEMRERMSH

41 $HMHRQLMLER AR
AILAE Relink HHE4EFN ABEEM B4 4E 125Xt FeCTrA 773 pR M REREAT T SEUEWF AL, A Naive
Bayes 1E A2 2585, 108 IURHAE LU 24 40%, 1888 H R B v bRyt i s L4 10%, 974 FeCTrA J7ik5 6
R HEHE T VERAT T LR 6 FIER 7 2345 th T X S8 7 V7 P AN 4dh 48 EEUAS ) F1 344
Table 6 Comparison of F1 among FeCTrA and six baseline methods on Relink
F6 T F1 I 45, FeCTrA & 6 FhEfEJTVATE Relink Hdls 46 L ¥ P 1 AE L 4L
Source=>Target FeCTra FeCTra(FT) FeCTra(IT) TCA+ Peters i Ji&7% Burak i i DCPDP

Safe=Apache 0.672 0.646 0.583 0.545 0.685 0.633 0.167
Zxing=>Apache 0.654 0.662 0.655 0.162 0.364 0.331 0.241
Apache=>Safe 0.568 0.536 0.536 0.727 0.731 0.740 0.731
Zxing=>Safe 0.695 0.692 0.562 0.436 0.401 0.395 0.277
Apache=Zxing 0.581 0.580 0.591 0.598 0.690 0.703 0.709
Safe=Zxing 0.654 0.661 0.655 0.642 0.693 0.677 0.638
Avg 0.637 0.630 0.597 0.518 0.594 0.580 0.461

Table 7 Comparison of F1 among FeCTrA and six baseline methods on AEEEM
T HET F1LIFM TR, FeCTrA 15 6 P&l /5 VATE AEEEM HUn4E b 1)-F 3 1 fg b s
Source=>Target FeCTra FeCTra(FT) FeCTra(IT) TCA+ Peters i J&7% Burak i €1k DCPDP

IDT=EQ 0.709 0.509 0.709 0.424 0.419 0.414 0.424
LC=EQ 0.724 0.532 0.593 0.269 0.271 0.272 0.279

ML=EQ 0.720 0.570 0.604 0.285 0.217 0.214 0.219

PDE=EQ 0.689 0.549 0.590 0.289 0.334 0.319 0.322
EQ=IDT 0.805 0.686 0.692 0.667 0.523 0.509 0.429
LC=JDT 0.788 0.723 0.691 0.336 0.301 0.375 0.402
ML=JDT 0.780 0.726 0.673 0.332 0.322 0.360 0.313
PDE=JDT 0.792 0.711 0.684 0.312 0.382 0.356 0.343
EQ=LC 0.815 0.723 0.724 0.693 0.462 0.487 0.460

IDT=LC 0.854 0.755 0.733 0.423 0.455 0.432 0.426
ML=LC 0.798 0.764 0.681 0.286 0.271 0.220 0.226

PDE=LC 0.842 0.757 0.717 0.289 0.386 0.384 0.368
EQ=ML 0.800 0.714 0.700 0.683 0.528 0.511 0.513

JDT=ML 0.831 0.729 0.711 0.400 0.513 0.589 0.570
LC=ML 0.798 0.833 0.551 0.266 0.249 0.390 0.405

PDE=ML 0.826 0.724 0.828 0.289 0.391 0.395 0.348
EQ=PDE 0.734 0.700 0.619 0.657 0.557 0.539 0.484
JDT=PDE 0.817 0.721 0.700 0.470 0.450 0.450 0.465
LC=PDE 0.801 0.718 0.682 0.316 0.289 0.287 0.338
ML=PDE 0.805 0.727 0.684 0.318 0.217 0.223 0.223
Avg 0.786 0.693 0.678 0.400 0.377 0.386 0.378
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1EFE 6 FFR 7 5 1 AR EE I H BB T 00 B Ak 37 5 L an e 3R 7 H L IDT=EQ Eon i IDT 1 A5 1
HL,EQ /£ 4 H AR H .3 T 3R 3 5 FRA SR U FeCTrA J5 vk, 11T FeCTrA J5 WAL 25 W AN I B, 5t Tk A1 14
H FeCTrA,FeCTrA(FT)F FeCTrA(IT) 43 il 2 7 [A) IS A AR AT A% FH S22« ANASE F BRI AT A% FOAXASE HH S 491
TG 4 FIRREETNH 6 BTG50 O A & JUEEE )7 vE Bl TCA+. Peters id 3%, Burak i yiEVEH
DCPDP. AN b 18 J5 — AT 45 T R — R 5 R B A7 3 1k R A vh R — A7 IR dpe (B AT IR R 7R

IS b6 B ¢ S5 — 4T AT LLE 4,2 T Relink FI AEEEM AN B9 8, 55 B v 7 V4 EL, 45 SR HY Y FeCTrA
T3 5 T AT B 4 1) Tk e

5 FeCTrA(FT) /772 F1 FeCTrA(IT) /5 1440 L, FeCTrA 5 1L 7E 4 K36 43 ¥ i85 1t H i b Tl 3 s vh #4 ig 45 58
I A TR i 4510 f1 % T Relink 23 5 _E (1) Safe=Apache,FeCTrA J5 =B F1 2448 4 0.672,1f] FeCTrA(FT)
J7 V5 FeCTrA(IT) J5¥E 4y M 3RA3 T 0.646 F1 0.583, Kt FeCTrA J7 i 553X i F 30 AH bb, Ho itk RE 4R 7123 531 4 4%
1 15.3%.5%FF AEEEM ##4E L) LC=EQ,FeCTrA JiikHUAS 1 F1 AMHA 0.724, 41X T FeCTrA(FT)Jiik
(0.532)F1 FeCTrA(IT)J514:(0.593), Ho M BESRTH 23 51 0 36.1%F1 22.1%. 52 56 45 52 W], £ 5 I50 H B Bes S0 oK
AEIT B8 RS GT B EAT 45 G, 5 A5 R AN B 1) 7 034 B, 6 R 3RAT 58 e (9 TR0 44 .

5 TCA+JiEAM L EEP A B 4 L FeCTrA Ji M P REZE U T TCA+ 7 1% TCA+J7 V2 A By Fr Ak i S 56 1
FRAET A2 ,3X 5 FeCTrA J5 ik M55 1 B BELL B HIMBL, B 5 FeCTrA(FT) 77 v AT SSBL A SI2 56 45 5 o] LA Y, 40 K348 4>
T O0T A SCHE H B RRAEIE B8 U7 FeCTrA(FT) 247 T TCA+J7 ¥ 4 1, 76 Relink 1 AEEEM %4l 4 I,
FeCTrA(FT) /7 VA4 B3R T 0.630 1 0.693 fIPERE, T TCA+ITEN 3RS T 0.518 Fl 0.400.3X 78 0 KB 1 75 5 15
I e BE TR 45 A0E ST 8% B B (1 T B2 A5 R T HE R DG DGR AR R 52 56 &5 SR 7= 2R 1K) R W A0 AR T TCA+ IV,
FeCTrA(FT)J7 v (¥ ¥4 68 56 4 #4575 Apapche=Safe 1% 5 th TCA+75 ¥ BE % 35 15 4 A 2 1% M g (1P
0.727),1fi 7 LC=ML 37 5t TCA+J5 5 WIHE LLER 1S4 A 50 PR BB (X 0.266). BRI L 7EAS [ (1) 5 N, TCA+ )1 %
11 RE D BN LK.

55 Peters i yiVE N Burak i J8EAH L, 7E. AEEEM (35 48 b FeCTrA Jy ik 7E A 1 T H Sl B 500 47 55 b
HEUF T B I PEBE M E Relink (3 48 b Peters i JEARM Burak i JEIAAEM 7= FRIK L, W0 Safe=
Apache,Apache=>Safe I Safe=ZXing iX 3 %5 b H AT G S K 41~ 7E Relink £0di 4 b, &A1 B (19 5845135 ki
/D, FeCTrA J7 VA AEBI T H ARSI H 1 10% 052451, R ke o) F 045 88051 Peters i 3875 H Burak i %€
V2.3 B sE i 2 IR B S 1 (s B BE 2 AH R BSR4 FeCTrA J VAN T Peters i Y84 F1 Burak 13875,
HERe 2 AR T 7.2%F1 9.8%.

L DCPDP J5ikiAH Lk, FeCTrA J7 VA48 W A4 3 45 b b LT BUAS 50 4 1 0 1 i S R 1t 5, FeC Tr A J ¥4
Relink #4848 b, H M GEHE A T 38.2%; 76 AEEEM (4 4 I H3RA5 (1) 1 B /& DCPDP J7 VK [ P i IX 26 45 R Y,
05 350 H BB R0 4 A YR I H R b ) IR AR AT S48 I S i ORI T A4S B B A 1) TN SOR, 1T A B
TURNFAE « J0 ORI LA J2 43 AT AN AHABL IR S 48] 25 8 5 48 FHA (1 1P BB AR 1T 7 Apache=ZXing 1 5 ~,DCPDP fig
U RAT A A TN 45 SR X AT g2 R Apache F Zxing X AN H A 5 43 A i AHABL T L DCPDP 5 ¥4 g%
A B0 1)

F£ 8 HIH T FeCTrA J5¥k5 6 PpIEHE /7 vk 2 A1) Win/Draw/Loss HL#E 45 UL /A& 2k LN AN 43, 40 ) 58
7R Relink 44T I H 1 AEEEM 45 b 1) 00 H 3R 18— 47 Fom DL T I H AR K H PRI H A (1 150
H 95550 H A5 4, L EQ S 1, W2 7oK EQ & 4y H AR H, th % N1t H (B! IDT,LC,ML #1 PDE)H nJ LA —A4>
YERIETE R f AEEEM 8095 8 8 5 5 AN H R k4 2 38728 20 AN 30 H S b 137 5 A€ 8 HARHE
F 1, 7E Relink Bl 45 b FeCTrA Jj =ik ] LLEUAS 33.3%(2/6) )1 55, B 5 Peters i 38325 L3 7F AEEEM i
£E | FeCTrA JriEmAR ] LUELAR 90%(18/20) 1 i 5. 76 K8 4y Bd 48 b FeCTrA JyvAML T4 % JEAFIEIT % 5L
GBI R I k.

IEAh A T BE FeCTrA J5id 52Uk J7 v (A R PE i 22 o0 A5 AT 100 38 0 AN SO S 30 45 SR AT T Wiilcoxon
FF5 BRAR 6, 0 B B B AT ok 0.05, Ak g B 0L 3R 9. LT3 9 i LLE I, “FeCTrA vs FeCTrA(FT)”. “FeCTrA
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vs FeCTrA(IT)”.

“FeCTrA vs TCA+”.
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“FeCTrA vs Peters I UV

Table 8 Win/Draw/Loss of FeCTrA compared with six baselines on both datasets
F 8 FeCTrA Jjikh 6 Tl T i1 AL M Edi 4k L WIN/DRAW/LOSS L 45 2R

Against(Win/Draw/Loss)

Target FeCTra(FT)  FeCTra(IT)  TCA+  Peters U7k  Burak il JE7L  DCPDP
Apache 1/0/1 1/0/1 2/0/0 1/0/1 2/0/0 2/0/0
Safe 2/0/0 2/0/0 1/0/1 1/0/1 1/0/1 1/0/1
Zxing 0/0/2 1/0/1 10/1 0/0/2 0/0/2 1/0/1
Total 3/0/3 40012 40012 210/4 3/0/3 40072
EQ 3/1/0 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0
DT 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0
LC 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0
ML 3/0/1 3/0/1 4/0/0 4/0/0 4/0/0 4/0/0
PDE 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0 4/0/0
Total 18/1/1 19/0/1 20/0/0 20/0/0 20/0/0 20/0/0

Table 9 p-value of the wilconxon signed-rank test among baseline methods and FeCTrA

R 9 FeCTrA FIREME J7 v 18] 1) 45 25 PE A 36 45 IR

Dataset FeCTra vs. FeCTra vs. FeCTra vs. FeCT‘ra vs. A FeCT‘ra vs. A FeCTra vs.
FeCTra(FT) FeCTra(IT) TCA+ Peters 1o 9874 Burak 1 J& 1% DCPDP

Relink 4.66E-03 1.18E-04 3.41E-04 1.25E-01 9.44E-03 3.50E-02

AEEEM 2.20E-16 2.20E-16 2.20E-16 2.20E-16 2.20E-16 2.20E-16

Both datasets 2.20E-16 2.20E-16 2.20E-16 2.20E-16 2.20E-16 3.76E-16

B bR M, A 25 I H BB TN AR
FRERL IR P 8, 110 AR SCHE ) FeCTrA J7 VA3 T 7] I 2% &R AL 1T 7% A S 93T

4.2 5RQ2HILER S
KT WA TR R B B A R AL B B ) 5 FeCTrA J7 M BE K

A2l DAIRCAS S AT ) T 7 e

“FeCTrA vs Burak id 3£ f1“FeCTrA vs
DCPDP”[f p {H# /N T 0.05.3X £ W, 36T B3 70 M1, FeCTrA J7 v (K T % fie B 5 25 00 T Hodt 6 Fh HKevE 5 v2:.

il JE R AL LB 3 Al AN [ PR S ] 450 % 5% Wi i 20 1 ke s 9000

SO, AR Ry AL B LGN 10%32 28 19 1K

2 100%, KB EHN 10%. 6 2 FE 3 435 87r 73T Relink 203t R AEEEM #4i 4 & R iE 2 £ Lb i ot

FeCTrA J5 21 GBI 52 .

FEP 2 AP 3 e x Gl s AISITUH HHOE R 10 il B o T AT

100%.,y il 7% FeCTrA J7iAHE TAZRHIE e 35 LU 51 A3 1 F1 B34 ﬁaﬂ]ﬁiﬂlﬁﬁﬁéﬂ%{Tﬁiﬁkﬁ.l@ g

L AoR — AN EARN I T E T X2 A T AR ih 2k 2 AT 22161

[
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T T T T T

20 40 60 80 100

065 070 075 080 0385 090

Feature Ratio(%)

Fig.3 Impact on FeCTra by varying feature transfer ratio on AEEEM
K3 75 AEEEM $ffifk b 3T # AN IR LU B RFE XS FeCTrA TERE I 520

AL 2 ] DU B, 24 AR % B A A 10%385 1 3] 20% I FeCTrA 78 &A1 5 1 HCAS 6 T0000 M i 78 A I 32
(R R A R B LL I AN 20%38 05 30%I5) FeCTrA J7 AR U0 H b B 1500 P BE %R B0 T A R FEEE 1 R
B, JorhfE Safe TUH b, MR T B o ™ HL I ) BB H T 38 H 00X SRR MEAE H AR I H b AN 3 5 24
T SR AE g Bk I P AT R AN A TR A AE B A b SR T E SR B MR AR IE B LN 30%3 N E] 40%
I ,FeCTrA J7 kA0 A0 H L 30000 P B ST AR T B, 24 3 AE 2 15 LLAG) AN T 42 v 1) Fe CTrA 77 V4 1) Tl
B IF VAT Fr 4 5, T 2 TR s 3L 2 M P B RF AR IN FeCTrA  Jy V2 IR F00IU 1k fi Jse 17 1 300 1 e 3 B (1)
MIE I H TR BT AL, AN BEARIEAE H AR50 B L B R AT 2 AL g 7,3 AT i A2 U A AT R 4R AE 1Y)
AELE T 5, DA BRI A R AR I U T B B R PR R IR AR A 0 BE5(2) 3T 40% P AL GE 13 43 FeCTrA 75 1%
7t Relink 48 b nf DLk 214 i 00 70 44: e

I 3 v m] DL B B A AE 6 % EL A9 1R A8 4k FeC TrA 754 N0 H _E 1 i 26 IR 76 R W 2844 40 40 78 EQ
A IDT i H [, FeCTrA J5 1% i 15 1k B B8 25 4 E 398 4% LY 57) A0 488 Jom v AS DRI B2 s, LA 2 0 0 0 3 AR KL 3K 15t I 7
XA E 23T R R AT EL) R 20%~40%I FeCTrA 751k C 4 fig s Pk ik 1 T S (44T .78 LC JiH F,24
TR REAE LG9 10% B FeCTrA J5 2 B4 14 00 44 A6 5t e B A T A% AR AE LU A9 1 386 I, FeCTrA J5 i T 4R H B
B E TR R E LEB A 40%H) FeCTrA J7ikBIMERE A & 422 %+ ML F1 PDE 10 H K845 1T % 0 REE
LA W38 I, FeCTrA J i IM 2L fig th BB B I S AR K U, 76 PDE T H b FeCTrA Jyv:AriT B IMARFAE LL il ok
30% B YA B T SRR, AT R AE LU B A 40% DL S 2L 5 0 1 B8 5 e 22 M R (R sl 5 ol T A s 4
ML I H &, 43T 8 (R AE LE KT 20%I5 FeCTrA J5 ik (10 5 1F v B8 5 B 22 M g L P R B AR, 9F BLAE ST B 1K 55
TE E A9 g 40% I 1 UCIA 2 5 i 1k B BRI 7E. AEEEM T H _E 3T % 4 AE BB 15 5 g 40% 2 BIAH (1) % 4%

HT BRI 4 78 FeCTrA J5 i RHEIE B M B IR I H HIEH 40% 1 FFAE LL R AR,

43 FH3TRQ3MLE R
H T oA HARIE bR SE B H IR FeCTrA J5 vE TN 58 (10 5 W, A S 32 SR ¥ H AR I H W AZTE 5%,
10%H1 20% ¥R i3 524 %648 DL b 3 Pl A [R] 6 i S 491 L 49 = 22 BL R A S B
(1) FRyESEBE —/NFERTFE ST« A 1 B I B 2 HAE 10 A AEL A A P A B %) s A 2 A v /35 4 F 52
512 ) S W AT 1), 3 A 2 R SCRIF ST FeCTrA Jy IR AT E ARAE H AR H vh bt (8 S0 A Bl 2, AR ST
S R g B S O LB BRI R 20%.

(2)  ASSCAEBEIY P BE VAN 55 128 B IF 1) 77 20, B b 3 6 LA b 3 b S8 £ L 481 ) LA RAIE 58 47 b JF
AT28 KB (R 20 738 BAE . 10 4738 X BRI DA K 5 738 IHIF).

B 4 A S R T R AR TE S48 LB 6 FeCTrA J i 7000 5 B 1) 52 1.
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Fig.4 Impact on FeCTrA by varying labeled instance ratio in target project on Relink
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Fig.5 Impact on FeCTrA by varying labeled instance ratio in target project on AEEEM
K5 1t AEEEM $dlif b, HARIUH A R bR v S48 L5 6F FeCTrA J77 3 0044 fE 4 52 R

FEP 4 AR 5 AR R R R AN 0 H 7R LARE— 35U H O H AR IS H I8 7 A7 125 550 H i B T 3 55 T 45
FK) F1PERESSME MR EZE D T T D20, AN A B s H AR B0 H AN A (R AR S LE 5. LA Apache it H
], 243 B HARIUH 5% I SEBIAE by ©hR T S I, Apache W] LABEAE 73 i 20 403, BITAT LABRAT 20 #7548 HIE.
I PE HBRIH T 20% 010 S E b CFR T S I Apache AT LABEAE 3 B 5 3, RIVAT LARAAT 5 148 B IE. R ik,

At g T M ;10 AR T 45 5P 367 91 L PR 52 9 6 L (9 1 P=5%),M 275 7T L,

5 H AN (001,24 Apache 24 H ARSI H IR, M=2), 55 J5 I 10 3R %38 XA 5645 F = AT 10 7K.

M 4 Fa] DL HL 7 Apache Fil Safe 3 H I B4 H AR I H b5 ic 2006 19386 n, FeCTrA 75k REII 8B A
AN AR AR 1 R e A AR K LR R P eSS, 7E Relink Bl 42 B4 ANI00H N 10 52491 450 H % ol At
b 51, Apache Ji B AL 194 52400, Safe 1t HALE 56 />S54, ZXing Wi H XA 399 AN S48 ik, 386 I 5%~10%
B9 5451 LEAB FEAS 2 BN OK 22 I b i 45 B, 9T LA FeCTrA 644N 0 H (11 GE R DA X B i 45 ZXing W H k4
i S4B 1) BE A9 A2 10% 5, FeCTrA J7 VESRAT T S i (R ROk 65 22 LG A9 38 o 21 209 B, 12k 6 J 1 G T 1 B B 5
HR] BUE L 7E JDT. ML #1 PDE it @ b, B8 B ARDH SobRid: 9240 (34 0, FeCTrA 75 BV R A2 W £ . iX
FHEE A IDTLC R ML X 3 AN H B A 1 S 508 22 91 an IDT 350 H & 4 997 AN, ML 15 H % F 1 862
AS245) PDE T0H S 45 1 497 S48 R Uk, bt 26 A S 451 Lh 481 (69 184 0, mT LARE FeCTrA J5 i F (0 s 9 45 Bt ik 2

PEAE FARBOIB .10 EQ J H Hh 5 A7 1R S 1) B A DA B PE B L P PR K ANAZ AR LC 0 H 2 hn i 5 B 1 L 451
A 10%I8 FeCTrA Jrik3ifs T s IO PERE; 24 EL IG5 20% I, Y RE AT B T e L Jst DA — 77 1 2 s 4R A 5

A ISR (1 399 A S, 53— 7 TH AT RESE H T B S A B TR AN 5 B 3 B
BT R T AE FeCTrA T3k 1 SLBIER B B, N H AR IUH A IR 10% K bR S84 LB BELAR.
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4.4 STIRQABILER DI

H T RTG53 23X FeCTrA Ji ik W5 W, A SC2% L8 T 3k WA TR0 A 58 8 0 4 FH 1) o3 28 38 3L
1,348 & T I T U b 19 4 25 2% LR (logistic regression)fl SVM(support vector machine) & T3k T 58 F 2 1) 43 2%
7% NB(Naive Bayes))& T % T M % 1) 4 2% 3% RF (random forest) & T3 T2l 2E S 42582 W 6 A 7 BoR TS
[ 73 2 B4 FeCTrA J7 ik 5.

5] 8°% BElﬁﬁQl*

oo fp

- : =

o= [ : ! O J4s
e _ - ! ! O LR

- ! : = @ NB
o [ H B RF
o : : | SVM
- . o
Apache Sale Zxing

Fig.6 Impact on FeCTrA by using different basic classifier on Relink
Bl 6 1E Relink $dla i I, A [ 70 Jeds Xt FeCTrA Uy I TERE (1) 5 W

@ | . Al —remg-i_ma -
e SFa W[]TTLmfEl ﬂ9:
S I A R r T I
w H 3 1

r S = B g N
o : A (= IS

= = P o Py O LR
= 4 O NB
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Fig.7 Impact on FeCTrA by using different basic classifier on AEEEM
517 {£ AEEEM dli 4k b AN 73 K454 FeCTrA J5 M RE RS2 Wi

1R 6 R 7 rh B R R BAE AL ORI H 19 43K, B R o8 FeCTrA ik A 42588 5 13 2109 F1
A TAEF X 43 AR SCAH T AS ) 09 B (6 3 78 6 B LSRR A (R 1) 43 28 45
B 6 Fa] LIE H7F Relink 2R84 1 3 AN H 1,748 F1 SVM 43 28 2% 16 TR 4 AE 45 22, 7E Apapche 1
Safe Tl H b § FH J48 1E h 4y 252845 201 F1 #/NT 0.5, LR, NB Rl RF 1E A 4> J28 45 211 F1 AR
IF, b NB 23 2877 BLEX I B 116 F LA B I 7E Apache A1 Safe 5 H b, 4 ] NB 1 Jy 73 25 2315 21 1) 7 8 55t .
M7 BT LLE HLBR T EQ T H A AN IR 6 43 2R 8 AE R IR 0 H 173 21 1) M REH0AR X A i, HLME fig A
FEi A 49 G B} T LR 7E LC ML #1 PDE b3R8 3tk B0 K, HoAth 73 3870 & AN B F R IS L fe 2 ik 4h NB
7E EQ. JDT. LC F1 ML "3RI I, Ho 70 RF B BE3RAT LU IR I [ 45 1
FT LR ST AR ) 5 S8 X FeCTrA J7 iR FIMERE & 38 i — 52 AU, P NB /3 2R 8% 3 ik M e R L
AT
45 FHEZMERD
TX A 32 AT AT B S 1) AR SCSEUE I ST 45 Ve A Rk R S IR 2 AR AT LR LA L
(1) PFBAT 250 U e n] RS i S 56 45 SR I A [ pA) S DN 3%, 0 32 R I A A R i DR 3 S50 ARG 1Y
S 75 IR A A /D T S I A5 P S HE 5 v R R 5 TN A TR 35 1 s i FRAT M P T 5 = et
1) S EAME 22 451 T S . Weka HH IR 27 =3 40 b A, BT 1SR 7 8 0 485 B 190000 95 1 . CrossPare!®
PEAEAARAD, 1% TR OV ST A5 100 H i b T000 45038 1) — 26 25 g 7 7k,
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(2) AR R T B KSR U B 4518 1 B Rk A i R SRR ST 1R ) — Rk BT TaE %
TR B T e T 5 28 A 1 Relink K4 S A AEEEM 8 823X i Mt S R 5 7 8
A FAT — B AR R BTV H [RS8 000 H 82 55 1 AN (A SR F 0 T 4, vl DA ER 0F 72 45 18 B
e AR

(3) G R B AR PP IIR bR 2 1 5 BRSO %5 18 T F1 IR R, 135452 Precision A1 Recall
bR 10 2 £ 1 e P 0 B UM S5 Y2 A 704 650, BR b T LA e M A R ) 255 e

5 ’E\%Sﬁgﬁz

ASTCEH — FHoB AU TAFAEAT A8 A S BT AL 1) 26 200 H B F B U 75 7% FeCTrAL %77 i 32 S & R ik
TR AN RE A B Be AR R IEIE R B BE I T4 AL 2 1) (9 R I A H © A e AERE AT 52823 B Bl e 2 T4 A
FEJSIRH A H BRI H 2 18R 70 AR AR AU, H B A 1 o (0 il DA e B EEAT HE 12, O 32 45 7 B (0 ik, AT AT
DAAT 28RS B JE RS AR AN U AR AL AR SE BT A B B AT TrAdaboost SR M H AR5 H Hh /b1 C bR 5k
B, NI I H rp b3 K S H AR IS0 H 23 A1 AR 7] 16 5 8y s D ke, AN T i LA 280 44 /N5 0T R H B it H 22
(A FK) 3413 22 57 e A A SCHE T Relink Al AEEEM $0dli 82001275 VA RETT T SEUEWE I, IFI0AIE 1 %07 ik 1A Rk

AR SCAIAFAEAR ZAEAF R 0T — 20 T AR 1 %6, FeCTrA J7 iR AT REE T B SR T 3R M1 5 8 AE W)
e Pk AN BRARK S DU, AT B 7 26 AR A 10 I TR] 4 e 3 21 % mh oo 1R e Sl A SCHEZ I Bepk ik T e A
Bt A b o A S AABL R LA RFAEAR A A0SR % Th LS S8 AT 5 75 220 AT %5 8 AN IR A0 4R 7% v Lo ) 3 0T
J7 A RE K R W HE AR SCAE R AR SE RS [ BN TS 1E T 3R AR AR (K0 B T vA PR R (0 R W0, & 28 T AR T LA
IE RS 531 #11 JBE R 25 AR AL A%, RIVIT 8 Ao b SR 31 R A i 2000 0 i, 4 A ST 9 2 38 52 s F 00 K
S o g 2 s 8 FE 1 ARTO0 O A3 B ST AR WY AT RS 90% ) I R N B RS SRESRHH k  F 1 H AR
R SR e T 1 P S B 30 AT AR A AE — 2 OB < 1 21, K98 20 T 9 S T 9 P A e pAY 08 2 15 A A2 ik B,
BEAT B AN () T A A48 52 3 080 L0, R 23 BIE O R e BB PR 88 5 82 DA 288/ ST AP, DA ke, B S 3 o4 48 it
0 B AT A TR P9 5 A7 R, A5 R i AL 9 R 1R I T 25 5 67 A 52 0 SRl . TR A 52 o PR I00 I 2+, 2 SR AR
FFBNTF AN G BRI S W5, 15 30k — 20 5 38 R ey T T L, 2y PO 6 R B e e o MBS 5 15

References:

[1] Chen X, Gu Q, Liu WS, Liu SL, Ni C. Survey of static software defect prediction. Ruan Jian Xue Bao/Journal of Software, 2016,
27(1):1-25 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/4923.htm [doi: 10.13328/j.cnki.jos.004923]

[2] Wang Q, Wu SJ, Li MS. Software defect prediction. Ruan Jian Xue Bao/Journal of Software, 2008,19(7):1565-1580 (in Chinese
with English abstract). http://www.jos.org.cn/1000-9825/19/1565.htm [doi: 10.3724/SP.J.1001.2008.01565]

[3] Hall T, Beecham S, Bowes D, et al. A systematic literature review on fault prediction performance in software engineering. [IEEE
Trans. on Software Engineering, 2012,38(6):1276—1304.

[4] Hosseini S, Turhan B, Gunarathna D. A systematic literature review and metaanalysis on cross project defect prediction. IEEE
Trans. on Software Engineering, 2019,45(2):111-147.

[5] Chen X, Wang LP, Gu Q, Wang Z, Ni C, Liu WS, Wang OP. A survey on cross-project software defect prediction methods.
Chinese Journal of Computers, 2018,41(1):254-274 (in Chinese with English abstract).

[6] Xia X, Lo D, Pan SJ, Nagappan N, Wang XY. Hydra: Massively compositional model for cross-project defect prediction. IEEE
Trans. on Software Engineering, 2016,42(10):977-998.

[7] Ni C, Liu WS, Chen X, Gu Q, Chen DX, Huang QG. A cluster based feature selection method for cross-project software defect
prediction. Journal of Computer Science and Technology, 2017,32(6):1090-1107.

[8] Ni C, Liu WS, Gu Q, Chen X, Chen DX. Fesch: A feature selection method using clusters of hybrid-data for cross-project defect
prediction. In: Proc. of the Computer Software and Applications Conf. 2017. 51-56.

[91 Hosseini S, Turhan B, Méntyld M. A benchmark study on the effectiveness of search-based data selection and feature selection for

cross project defect prediction. Information & Software Technology, 2018,95:296-312.

© TEBREEEEIEDT  htp/ www. jos. org. cn



AR 25 T AFAEE A5 A 2 ) 8 45 04 3590 B S 14 Fon 7 ik 1327

[10] Krishna R, Menzies T, Fu W. Too much automation? The bellwether effect and its implications for transfer learning. In: Proc. of
the IEEE/ACM Int’1 Conf. on Automated Software Engineering. 2016. 122—-131.

[11] LiZQ, Jing XY, Zhu XK, Zhang HY. Heterogeneous defect prediction through multiple kernel learning and ensemble learning. In:
Proc. of the IEEE Int’l Conf. on Software Maintenance and Evolution. 2017. 91-102.

[12] NamJ, Pan SJ, Kim S. Transfer defect learning. In: Proc. of the 35th Int’l Conf. on Software Engineering. 2013. 382—-391.

[13] Peters F, Menzies T, Marcus A. Better cross company defect prediction. In: Proc. of the IEEE Working Conf. on Mining Software
Repositories. 2013. 409-418.

[14] Turhan B, Menzies T, Bener AB, et al. On the relative value of cross-company and within-company data for defect prediction.
Empirical Software Engineering, 2009,14(5):540-578.

[15] Zimmermann T, Nagappan N, Gall H, Giger E, Murphy B. Cross-project defect prediction: A large scale experiment on data vs.
domain vs. process. In: Proc. of the Joint Meeting of the European Software Engineering Conf. and the ACM SIGSOFT Symp. on
the Foundations of Software Engineering. 2009. 91-100.

[16] Liu WS, Chen X, Gu Q, Liu SL, Chen DX. A noise tolerable feature selection framework for software defect prediction. Chinese
Journal of Computers, 2018,41(3):506—520 (in Chinese with English abstract).

[17] Liu WS, Liu SL, Gu Q, Chen JQ, Chen X, Chen DX. Empirical studies of a two-stage data preprocessing approach for software
fault prediction. IEEE Trans. on Reliability, 2016,65(1):38-53.

[18] Chen X, Zhao YQ, Wang QP, Yuan ZD. Multi: Multi-objective effort-aware just-in-time software defect prediction. Information
and Software Technology, 2018,93:1-13.

[19] Chen X, Zhang D, Zhao YQ, Cui ZQ, Ni C. Software defect number prediction: Unsupervised vs supervised methods. Information
and Software Technology, 2019,106:161-181.

[20] Liu WS, Chen X, Gu Q, Liu SL,Chen DX. A cluster analysis based feature selection method for software defect prediction. Scientia
Sinica Informationis, 2016,46(9):1298—1320 (in Chinese with English abstract).

[21] He JY. Search based semi-supervised ensemble learning research for cross-project defect prediction [MS. Thesis]. Tianjin: Tianjin
University, 2017.

[22] Ghotra B, Mcintosh S, Hassan AE. Revisiting the impact of classification techniques on the performance of defect prediction
models. In: Proc. of the Int’l Conf. on Software Engineering. 2015. 789-800.

[23] Peters F, Menzies T, Layman L. Lace2: Better privacy-preserving data sharing for cross project defect prediction. In: Proc. of the
Int’l Conf. on Software Engineering. 2015. 801-811.

[24] Tantithamthavorn C, Mcintosh S, Hassan AE, lhara A, Matsumoto K. The impact of mislabelling on the performance and
interpretation of defect prediction models. In: Proc. of the Int’l Conf. on Software Engineering. 2015. 812-823.

[25] Jing XY, Wu F, Dong XW, Qi FM, Xu BW. Heterogeneous cross-company defect prediction by unified metric representation and
CCA-based transfer learning. In: Proc. of the Joint Meeting on Foundations of Software Engineering. 2015. 496-507.

[26] Kim MJ, Nam JC, Yeon JY, Choi SW, Kim SH. Remi: Defect prediction for efficient API testing. In: Proc. of the Joint Meeting on
Foundations of Software Engineering (ESEC/FSE 2015). 2015. 990-993.

[27] Nam JC Kim SH. Clami: Defect prediction on unlabeled datasets (t). In: Proc. of the Int’l Conf. on Automated Software
Engineering. 2015. 452—-463.

[28] Radjenovi¢ D, Hericko M, Torkar R, et al. Software fault prediction metrics: A systematic literature review. Information &
Software Technology, 2013,55(8):1397-1418.

[29] Menzies T, Greenwald J, Frank A. Data mining static code attributes to learn defect predictors. IEEE Trans. on Software
Engineering, 2007,33(1):2—-13.

[30] Song QB, Jia ZH, Shepperd M, Ying S. A general software defect-proneness prediction framework. IEEE Trans. on Software
Engineering, 2011,37(3):356-370.

[31] Agrawal A, Menzies T. Is “better data” better than “better data miners”? On the benefits of tuning smote for defect prediction. In:
Proc. of the Int’l Conf. on Software Engineering. 2018. 1050-1061.

[32] Yu X, Liu J, Yang ZJ, Jia XY, Ling Q, Ye SZ. Learning from imbalanced data for predicting the number of software defects. In:
Proc. of the Int’l Symp. on Software Reliability Engineering. 2017. 78—-89.

[33] XuZ, LiuJ, Yang ZJ, An GG, Jia XY. The impact of feature selection on defect prediction performance: An empirical comparison.
In: Proc. of the Int’l Symp. on Software Reliability Engineering. 2016. 309-320.

[34] Fukushima T, Kamei Y, McIntosh S, Yamashita K, Ubayashi N. An empirical study of just-in-time defect prediction using cross-
project models. In: Proc. of the 11th Working Conf. on Mining Software Repositories. 2014. 172—181.

© TEBREEEEIEDT  htp/ www. jos. org. cn



1328 Journal of Software 3k#F%3& Vol.30, No.5, May 2019

[35] HeJY, Meng ZP, Chen X, Wang Z, Fan XY. Semi-supervised ensemble learning approach for cross-project defect prediction. Ruan
Jian Xue Bao/Journal of Software, 2017,28(6):1455-1473 (in Chinese with English abstract). http://www.jos.org.cn/1000- 9825/
5228.htm [doi: 10.13328/j.cnki.jos.005228]

[36] Ma Y, Luo GC, Zeng X, Chen AG. Transfer learning for cross-company software defect prediction. Information and Software
Technology, 2012,54(3):248-256.

[37] Wang S, Liu TY, Tan L. Automatically learning semantic features for defect prediction. In: Proc. of the Int’l Conf. on Software
Engineering. 2016. 297-308.

[38] Chen L, Fang B, Shang ZW, Tang YY. Negative samples reduction in cross-company software defects prediction. Information and
Software Technology, 2015,62:67-77.

[39] HeP, Li B, Ma YT. Towards cross-project defect prediction with imbalanced feature sets. arXiv preprint arXiv:1411.4228, 2014.

[40] Nam JC, Kim SH. Heterogeneous defect prediction. In: Proc. of the Joint Meeting of the European Software Engineering Conf. and
the ACM SIGSOFT Symp. on the Foundations of Software Engineering. 2015. 508-519.

[41] Zhong S, Khoshgoftaar TM, Seliya N. Unsupervised learning for expert-based software quality estimation. In: Proc. of the 2004 8th
IEEE Int’l Symp. on High Assurance Systems Engineering. 2004. 149-155.

[42] Zhang F, Zheng Q, Zou Y, Hassan AE. Cross-project defect prediction using a connectivity-based unsupervised classifier. In: Proc.
of the Int’l Conf. on Software Engineering. 2016. 309-320.

[43] Yang YB, Zhou YM, Liu JP, Zhao YY, Lu HM, Xu L, Xu BW, Leung H. Effort-aware just-in-time defect prediction: Simple
unsupervised models could be better than supervised models. In: Proc. of the 24th ACM SIGSOFT Int’l Symp. on Foundations of
Software Engineering. 2016. 157-168.

[44] Zhou YM, Yang YB, Lu HM, Chen L, Li YH, Zhao YY, Qian JY, Xu BW. How far we have progressed in the journey? An
examination of cross-project defect prediction. ACM Trans. on Software Engineering and Methodology, 2018,27(1):Article No.1.

[45] Pan SJ, Yang Q. A survey on transfer learning. IEEE Trans. on Knowledge & Data Engineering, 2010,22(10):1345-1359.

[46] Zhuang FZ, Luo P, Xiong H, Xiong YH, He Q, Shi ZZ. Cross-domain learning from multiple sources: A consensus regularization
perspective. IEEE Trans. on Knowledge & Data Engineering, 2010,22(12):1664—-1678.

[47] Dai WY, Yang Q, Xue GR, Yu Y. Boosting for transfer learning. In: Proc. of the 24th Int’l Conf. on Machine Learning. 2007.
193-200.

[48] Dai WY, Xue GR, Yang Q, Yu Y. Transferring naive Bayes classifiers for text classification. In: Proc. of the National Conf. on
Artificial Intelligence. 2007. 540-545.

[49] Swarup S, Ray SR. Cross-domain knowledge transfer using structured representations. In: Proc. of the National Conf. on Artificial
Intelligence. 2006. 506-511.

[50] Ni C. Research on software defect prediction based on transfer learning [MS. Thesis]. Nanjing: Nanjing University, 2017.

[51] Wu Q. Cross-project defect prediction based on transfer learning [MS. Thesis]. Changchun: Jilin University, 2018.

[52] Yu L, Liu H. Efficient feature selection via analysis of relevance and redundancy. Journal of Machine Learning Research, 2004,
5(12):1205-1224.

[53] Kira K, Rendell LA. The feature selection problem: Traditional methods and a new algorithm. In: Proc. of the 10th National Conf.
on Artificial Intelligence. 1992. 129-134.

[54] D’Ambros M, Lanza M, Robbes R. Evaluating defect prediction approaches: A benchmark and an extensive comparison. Empirical
Software Engineering, 2012,17(4):531-577.

[55] Peters F, Menzies T. Privacy and utility for defect prediction: Experiments with MORPH. In: Proc. of the Int’l Conf. on Software
Engineering. 2012. 189-199.

[56] WuRX, Zhang HY, Kim SH, Cheung SC. Relink: Recovering links between bugs and changes. In: Proc. of the ACM Sigsoft Symp.
and the European Conf. on Foundations of Software Engineering. 2011. 15-25.

[57] D’Ambros M, Lanza M, Robbes R. An extensive comparison of bug prediction approaches. In: Proc. of the Mining Software
Repositories. 2010. 31-41.

[58] Wilcoxon F. Individual comparisons by ranking methods. Biometrics Bulletin, 1945,1(6):80—-83.

[59] Janez Ar. Statistical comparisons of classifiers over multiple data sets. Journal of Machine Learning Research, 2006,7(1):1-30.

[60] Liu SL, Chen X, Liu WS, Chen JQ, Gu Q, Chen DX. Fecar: A feature selection framework for software defect prediction. In: Proc.
of the Computer Software and Applications Conf. 2014. 426—-435.

[61] Gao KH, Khoshgoftaar TM, Wang HJ, Seliya N. Choosing software metrics for defect prediction: An investigation on feature
selection techniques. Software Practice & Experience, 2011,41(5):579-606.

© TEBREEEEIEDT  htp/ www. jos. org. cn



1A 5 3 T A AE T 5 o S2A5) T A5 64 35 TR B SR T4 TR 5 ik 1329

[62] Kim SH, Zhang HY, Wu RX, Gong L. Dealing with noise in defect prediction. In: Proc. of the Int’l Conf. on Software Engineering.
2011. 481-490.

[63] Herbold S. CrossPare: A tool for benchmarking cross-project defect predictions. In: Proc. of the Int’l Conf. on Automated Software
Engineering Workshop. 2015. 90-96.

[64] He ZM, Shu FD, Yang Y, Li MS, Wang Q. An investigation on the feasibility of cross-project defect prediction. Automated
Software Engineering, 2012,19(2):167-199.

[65] Rahman F, Posnett D, Devanbu P. Recalling the “imprecision” of cross-project defect prediction. In: Proc. of the ACM SIGSOFT
Symp. on the Foundations of Software Engineering. 2012. 1-11.

[66] Fan LL, SuT, Chen S, Meng GZ, Liu Y, Xu LH, Pu GG. Efficiently manifesting asynchronous programming errors in android apps.
In: Proc. of the 33rd ACM/IEEE Int’l Conf. on Automated Software Engineering. 2018. 486—-497.

[67] FanLL, Su T, Chen S, Meng GZ, Liu Y, Xu LH, Pu GG, Su ZD. Large-scale analysis of framework-specific exceptions in android
apps. In: Proc. of the 40th Int’l Conf. on Software Engineering. 2018. 408—419.

[68] Su T, Meng GZ, Chen YT, Wu K, Yang WM, Yao Y, Pu GG, Liu Y, Su ZD. Guided, stochastic model-based GUI testing of
android apps. In: Proc. of the 2017 11th Joint Meeting on Foundations of Software Engineering. 2017. 245-256.

[69] Lewis C, Lin ZP, Sadowski C, Zhu XY, Ou R, Whitehead EJ. Does bug prediction support human developers? Findings from a
google case study. In: Proc. of the 2013 Int’l Conf. on Software Engineering. 2013. 372-381.

Ff 1 3252 SRk
1] AR JBE P, 01 B ) 5 A 24 AP Gl B 003000 g V0T 9 A4 27 41,20116,27(1):1-25. http://www.jos.org.cn/1000-9825/4923.
htm [doi: 10.13328/j.cnki.jos.004923]
[2] FEF ARG, 25 IR 21 B B IR0 K B E 22 31,2008,19(7):1565-1580. http://www.jos.org.cn/1000-9825/19/1565.htm [doi:
10.3724/SP.1.1001.2008.01565]
[51  WARFH, R0 M DR, 50 6, X1 BE 45, K2 85 T 8 Sl P U0 7 VA 5 23 TE P 4R, 2018,41(1):254-274.
[16]  UBEET IR A0, A% e, W 25—l T 1) 1St P 0000 1 ) 28 8 75 (R IE S B HE 42 3T S AL 24 4R, 2018,41(3):506-520.
[20] B EF A0, SRl A 05 2 AP B T e i 3R 8 o0 i P R AR 3 48 7 v v (R R 4% 45 R 42,2016,46(9):1298-1320.
[21] A7 55 0. 48 2 11 20 Mo B A1 J 5 0 I 0 A Sl 3 0000 77 V200 5 [ 2 18 3] R RS K 2%,2017.
[35] A% TG, RIS, B 1, 2 0 88 g 3 — = M B 00 T 0 A B B T 7 92 3 A 2% 411, 2017,28(6): 14551473 http://www.jos.
org.cn/1000-9825/5228 . htm [doi: 10.13328/j.cnki.jos.005228]
[50] A58 3 T30 A% & ) 10 Aol B T90 00 77 V200 5 [0 = 27 18 300 79 3T T K 2,2017.
[S1]  SEEy 36T 2% 5 #5100 H PR B B T DA L 2% 00718 5] K2R MoK 22,2018,

{R&B (1990 —), B3 VT 75 p 58 AW 14 &
TERIF AT Ay A B B TN

B #1980 —), I, 1 -, HI #4% ,CCF # 4
23 03, 32 BT 5 AT by 0 St T, A
SR 5 2 AN [ 1 IR R 2 5 K

X2 EF(1987 —), I3 4 L, PRI ,CCF &k
23 04, 32 BT 5 AR by AP Gl T, A
[T UEp R

BRER (1972 —), 95 1 - #04% 1+ A= 5 i,
CCF 24 51, 1 B 90 40U g k1 o e
PRl o3 A 5

BRE1979—), 9,18 £k, E TSR
N AT B R T

(1991 —), &, 8 4 A, R EURA
HlLagsz 2.

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



