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Abstract In recent years,as software requirements increase, developers have introduced a large amount of clone code into the
project by reusing existing code. As the software version is updated,the clone code changes and it may become a burden on soft-
ware maintenance. Researchers have attempted to use the machine learning to conduct research on the prediction of clone code
consistency,and help the software quality assurance team to allocate maintenance resources more effectively by predicting
whether changes to cloned code will cause additional maintenance costs,thereby improving work efficiency and reducing mainte-
nance costs. However,in the early stage of software development,software projects are often not fully evolved,and historical data
is lacking for constructing an effective predictive model. Therefore, cross-project clone code consistency prediction methods are
proposed. In this paper,we propose a cross-project clone code consistency prediction method via transfer learning and oversam-
pling technology (CPCCP+). This method aims to match test set and training set into kernel space,reduce the distribution dis-
crepancy of cross-project data by transfer component analysis,and alleviate the class imbalance issue to improve the performance
of cross-project prediction model. In terms of experimental datasets, this paper selects seven open source datasets, which can form

42 combinations of cross-project clone code consistency prediction tasks totally. In terms of model performance comparison.the
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CPCCP+ proposed in this paper is compared with the method only using base classifier. The evaluation metrics include precision,

recall and F-measure. The experimental results show that CPCCP—+ can more effectively perform cross-project clone code consis-

tency prediction.
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Fig. 3 Cross-project clone consistency prediction method via transfer learning and oversampling technology

3.1 WSl mEMMXHEE

AR S — AN E VR S B bR E L 48 BUH Y 3T
SE A A SRy 0 BN £ [ 3 ) 55— AR H AR T E A R I
B To ke SE AR N R BR 4 . ZEAS B B p L o S8 T SR AR
H A RRAS B P55 34 NiCad™ ™ 3fe K6 30 45 12 B A (4 Jir
A T 3 3 R A AR AR AR Y T 9 21 =2 ) AT e S R My A T
G HW R 2.3 W0 AR BRI E v T Y s S

151 5 5 Jei » 368 a3 I 52 491 O A o A AR 4 9 A A D L B IR e B
T — B R P FOR L IR ST S I A AR AT
— B AR AL UPRE AR T o i R — BOPE 4R 0 3K 7 0 O R
RAEPFR R,
3.2 mEXFIERT

— A>T R S A v T A TR 6 A A s B AR A R B, D
B ) v AT R BRI ORS G 14 se B AU BE . BT X R



DR BEME &5 < 56 X A% 2 > A SRAEFOR (9 15 50 H 5 B AQTH — Bk 4k 4 75 SR B0 13

il Y v A B, IF R SRR A S LR AT B B i % T
BORG WG Y e B AC RS B B, B T 2 R BT A B A R SRR
BETTREAS IR, FF & A B AT g 4 i o AT — e R R ke, I
W X T S B S A e, R T RIS e v I AR A A B A 4GRS
JRPESN B T R O W 3 B AT R BE 2 R XM AR R A R
gt

AR SCEF X B R B A S A6 AR IO AR RS A0 B SO 2 R A
DA Ja M 5 AE 4 $5 5 W AR 15 KL E L Halstead Jg PE7°7 254
JE@ M ST IR B | R eR O B A b e BSOE FH OR B
PR A FH R 28R Al R T R 055 5 2) BT SO PR L A ARG AR
RLBE | J) 38 58 RE AR IR ST 24 AR ARLBE | 34 44 AR BLBE AR iR L 7 32
2R EE LS AR B BE L K S A ML LB S A
FAARLEE (HAE BAR RS,

bt 5T AR AL SE ] Ly T AR A T AL PR ORI R R
AR A, AR 48 B — R AR 1 A R e T R AR A R R
AR B R T AR B L R SO A L 3 TR R U LR
P - 1 AR JE ERRAE L 658 3T e L AR T 247 4. Halstead
i S 47 €L 285 4 Jot ek S YA L v R ST 1 B AR IR R
S0 FH V- XA U A T R A T A v ORI Al P P 28 B
2) 1 S AL AR AR AR O 2 L B R S B A L T
¥ RSB R - 2 R HUE BRI 3) Ak s T L {4
A5 A T2 B 75 A g SR A AR S T 2 v AR AR R by R AR Ak
S
3.3 RARSHLE R HE B A LRI 5

WA 3.2 WETIR AR, WA A BB AR - D s B )
3 491 LS 1 DI B RIS 5 20 pl T B 7 Ak S 481 200 A 4 1
SRAE T4 L R T o B AR S 2 B 1Y B 4 P T R AT
— BOHE Al ) 2 B B R T T HE AT — SO kA 0 S R 4R
h S A T A 5 e ) 78 ST {51 201 B 10 0 4 v B R B AR 2
K B 25 3R Ak e R B A A e A . SR FH B AL A SR A
(Random Over-Sampling, ROS) X v [ A1) 2 5 45 4 1547 4k 71,
T 1 A B3 (0 RE AR Hp AT I AL SR A SR 3 0 T 1) B AR o
PREOE B P 5 AT — BR3P R T AT — B4R B 5
10 9 BB SR B E A4 . MR Khoshgoftaar 457200 (@ i, 4% % 7
Mtk BN 35%/65% .
3.4 RAIBEFSSTAEERKLESH

AT DL 2B BE L AT A5 3 IR I H I Ry 2 R 4k S Y
YIGREE S Fn i B b 30 H BT E s 8 &2 . SR, T
TR e ) SO A7 A 2R 45 A 25 5, DI 4 v 2 20 0 T
AR AN RE T #E 48 T I3 4R 09 BN AT 45 . IR, AR S0
ATERE I3 43 T 7 6 B IR AR 5 00 A G 2 TR A
IRAARR 23 1) v 38 20 558 3 43 43 5 vk TCA, i B i k3
{1 2% 5 (Maximum Mean Discrepancy , MMD) /£ g 437 2 [f] 2%
S0 B e 3 b R AE A T i Y O 2K R TR 3 A 43 A
HEAT 38 B, LA IR 350 H s R 5 BRI E B 09 50 10 25 5 T
M By A ) e S ) o 0 0 4 R DU AR L TR AR R
5 001 5 e AT — SO 0 4 5 SR T A A 4

Bk 5% F A4 M B ik TCA 22380 F i K918
25 5 A0 AR A R AA 5 2 T P AT 2 2] R AR RS ) A
X s S A TR L TS ) ¢ b, B I E R SO R AR
IR ER . BEF3XAF 45 0] ¢ vh B4k 38 7 15 30 0 35 100 3 8l
AT LR A o A BIL 8% 2 20 0 ik U g s R ITT I  f — S50 A
FoR B AR, I HE B B AR A

TCA LM EZE KRB AEMN ¢, LLB/NFEIE 4
P A B AR B BAE R AE 22 H. mF KL WU S B i A 22
ST AL A MR B R — R S B T Ik 3
FT SR A B e BE L N TCA 21 7 — F Al 2 50k /9 J7
(MMD) 3 Ji£ 45 43 A3 1 22 5, HH T 1 i 5 /s U5 R H A 458
¥z 2%, MMD 13250 F .

MMD(X . » X)) =

B I TE

ny i=1

A

Forr, X X 20 50 3278 PR H A1 H BRI H B ER o Fn, 43
JF R R E A AR E 8B RCE L ¢+ ) FOR P AR
AR zs ] R B . ZERR AT IZBE R R R L i TSR
R PR $C e ) LU BRI A, LR RV H A AR T H
A B SR BRI T RE S AL R TCA 5IA T R K, filE
13 FHRATE WS R $C o) Y DB 78 Sy T4 A8 1 % R 5
BT R, AR M K RJEUINT -

(K, s Koo ]

K=
Koo s Kiartar

[F) i T I 5 R L

1
> T s x; € X
ni
1
L;=<—%» Tivx; € Xiar
ny
1 .
— , otherwise
nny

MMD B8 A2 i IE

MMD(X . » X, ) = tr(KL) — Atr(K)
oAb e C e ) J2 SR IR A9 8 o BRIV I X 1 4 0 25 A R 5 4 2 T 0]
M IE L S5

MBS, MMD i1 dc /AN 3 552 — A2k 2 B R (Semi-defi-
nite Programming) [ {8 , 3R i R Ik . TCA Jrikit— 21
T I A A 114 77 3R s 4 L R TCA WAL BAREEIL A T -

min tr(W' KLKW) +Atr(W'W)

s.t. W KHKW=1,,
Hp A WSS HUEE W W E R ENNESHH=]1, ., —
1/ Gry +no) 1T g AR L1, € R R i B, e/Mb i
R 4 A T AR5 5 A B AR AE

KA RIRY W BRI AT KR8 75 ) ¢ I3 3 A1 E 4530
H B e 5 2z 23 ) s, o) A5 81 s 6] ¢ oA 22 RN
PRI E R E BRI E BEE .
3.5 BUEREARB—HEEPFIRAN

A5 1 JH 3 SR BE R AR TCA 77 12 b B8 2 19 950 5 H 5 1
S CYNZR ) YN SRl e 2 > T B 78, 3 B0 H A7 350 H A o



14

Com puter Science T HMLE2:  Vol. 47,No. 9, Sep. 2020

I 52 91 G4 ) B9 — BOME AR 4P 555K o A SCRE 23 3010 6 3 Ao A [
I 220 14 3 e ARSI s S 491 R e e 2 Al S 81D Y — Bk 4
Prids R IEAT B

T R YRR BRI — B R RS T 2 Bk
Gedr . MR BN GE RO H T RN RS IR v AT Y
— B A AEE AT AR R AR AE s T AR O R
IF RN BT 8 i 5] A B S s A

4 XWRBESHERSW

4.1 HEE

J T PFAl CPCCP+ BB i PR R , A8 SCHE 7 A~ Java JFIREK
PE TSR . 1A T I A AR B A A
DA A S0 B FD 75 i 4 32, 2SR 3 A S e B 2 431 AR
SO REAS AL B W YRR N R R AT — B4R R 5
e S 481 o5 T A T A S B EL R, A T SR UE CPCCP+ 5 ik
A A A B AR H AN TR /N R 2 S 0 B T E AR
Coa R A 82 52 061 00 2 I AL B 34~ 3 666 4>, T e Ry
11.53% ~47 % ; 7o B AR AL SE ) A A Y5 Bl 10~1 040 4>, %7
YA RN 20%6~76.19%) . 7 AFAFIR H W] AL 42 X 5
7 e ] 2 S 451 0 4 0D — B0 4k B0 SR BUINAT: &5 A 42 % i
T 5 B AR A S 48] A AR T — M 4k b T oR TOAT 55 (B ik 2
ArgoUML f£ 4 B 4530 H 42 B 48 , 00 43 5168 3 24 6 4>
T H i B AR AR IR E TR BRI 4 .

Table 1 Datasets

® A iR e L FEFE/N
ArgoUML 3340 22.93
carol 100 47. 00
S dnsjava 34 20.59
7w % Al B
;W jEdit 633 11.53
) jFreeChart 3366 40. 20
jabref 960 20.63
Tuxguitar 1429 28.90
ArgoUML 427 32.55
carol 42 76.19
R dnsjava 10 20.00
;j; jEdit 159 50. 94
el
jFreeChart 1040 56.54
jabref 171 48.54
Tuxguitar 354 74.29

4.2 FfEFE

A 352K % F Precisions Recall il F-measuret®' 3 4~ 3§ #x
AT Al J7 2 I fE

TEARSC 4326 W 5 30 B 5 B AR RS — S0 2k 4 15 5K 100 4
25wl RAARAS 4 A0 B 45 SR B I IE R AR 0 S 4 2
HT AR LB TP 5 8 30 1E JC 75 4 47 09 S8 ) 43 25 2R
T e EBH M FP) o8 B0IE 55 4E 47 (09 SS9 43 26 T B i
e3P BRI FND 8% B IE T F 4e 3P i 92 43 28 0 T B
Aedp ity (CFLPIPE. TND . B T 3X 4 AN S5 5. al RUE SORE i 5
(Precision) Fl 4 [1] % (RecalD) ,

G 2 S A Y IE A A T R 75 A4 0 S B B E T 4
0 A B Y PO RS A R B AR L R R

TP
TP+FP

A 18] 285 X T3Pl A R TE A B T Sl B S B9 L
T 3 SRR b A A 0, BB i g

TP
TP+FN

SEPR b TR B A A T AR 2 () A A 3 L ARG R
B[] 300 L A TN A A P BE AT TE IR ME . — 0 2K T
fili [T F-Measure {8 P () 46 A5 . B 2085 5 3 F0 49 [0
I8 A 2 F . F-Measure B9 1, 25 21 5 A AR 56 5 A
AWML 0 4 Sy e 221K .

2 X Precision X Recall
Precision +Recall

Precision=

Recall=

F-Measure =

4.3 XWIEE

SR AR F 3 A 228 0 B I B o B AR — B M 4
SR 5 3500 4E R Baseline, -4 42 SCHE H (9 CPCCPH+ 7 ik
HHEATH R, A0 H K fx L 4B (K-Nearest Neigh-
bor, KNN) .32 & [7] 9 ( Logistic Regression, LR) | % #F [a] & L
(Support Vector Machine, SVM) Fl1 B #Il # #k (Random For-
est, RE)4 AL 43 25 85 E 47 5256, 3 23 98 ] Matlab mf XF 57 (19
HLES 2 S APk S Bl 45 S A 8 A8 B0k . 98 CPCCP+ &
TR A SO e SR B TCA X B0 3 77 B 56 Ak B, 8% 5 H 25
A Matlab I B30 5 o B RS — Beb: 4 47 7 5K 19 0
4.4 ZWHERRDW

A FK FH Precisions Recall il F-Measure 3 ™38 fr X}
Baseline il CPCCP+ W4 Fft J7 2% Y 0000 M R #F AT 4. 3% 2 BN
&3 40 BN T T ) A S 0 it BT R D T A Ak
SEAR Y B TE B AR, S Y E CAVG) B, i R
Baseline [, CPCCP+ 47 T4 iy 2805 W 75 55 47 19 45 S )5 38 Jin
B55E CPCCP+ 8 B 45 T Baseline, W) 45 4 B 25 5 kL
WoR,
MFE 2t DOEER] . 1) CPCCP - 7E 22 % 1 4E 45 vh w]
DLBRAS 047 A FO00 PR 6B s 2) T e S — B R PR RE Y L R, 2
CPCCP+#: fi£ 35 T Baseline i, ¥ 22 5 B /N0 (LA
0.001 Y2 HE) . i £E CPCCP+ £ 88 %5 F Baseline I, H: 1% g
B3 4 T Baseline; 3) 7F 4 A F /0 248 B9 LL B b . SVM T RF
BAEBIIHBNMERE., 2 MEANER —CBE Uiy,
e s B B o S 00 0 B I O AE 55 b L 25 S T IR LA 4
M7 B 3 SRR B A S T 43 2 i CPCCP -, 76 5 1 B o [
ARG — Bk 4 50 75 SR B AT 45 b B A b fE .

MFE 3 Hh Al LWEE F 1) CPCCP + 7£ 22 50 39 i 4% 45 v af
VA 345 B0 U 04 T0 B 5 2) TE IR R — B B MR R Y L A
CPCCP+ M fit K £ 5 T Baseline 7 ¥ (U AEfH B LR 1 5
I R EENT B F-Measure HWEHFREAK 0. 003)53) 7F 4 A>3 432
AR, LR RAA B e . 3% 3 s R — R
FE LB A R A Ak S ) 1 5 5 H 0 AT: 5, CPCCP+
TE BT H AR 55 h B AR bR .

g LTk TR MR P VR I B AN B BRI B B o A 2 5 S
filt 1o 7 A S0 O T 01 e I A0 S 1 B2 T O AN v e AR Ak



R BH G 45 B TR 2% )

T SR AR R B 15 T H B AT — Bk A 4 7 R B

15

S 5 T H 0 AT: 45 (9 52 5 b, CPCCP + A H Baseline 7

% BT T4 A T P RE

F 2 selEQUE SO s I H B0 v e

Table 2 Performance of cross-project prediction for clone createing instances

To To To To To To To
i A ARE & ArgoUML carol dnsjava jEdit jFreechart jabref Tuxguitar AVG
KNN Baseline 0.670 0.485 0.706 0.696 0. 550 0.715 0.638 0.637"
CPCCP+ 0.673 0.552 0.735 0.737 0.56 0.609 0. 581 0.636
LR Baseline 0. 685 0.517 0.706 0.770 0.556 0.723 0.674 0.661*
Sy CPCCP+ 0. 689 0.538 0.750 0.745 0.569 0.717 0.611 0. 660
Precision SUM Baseline 0.717 0.522 0.755 0.812 0.594 0.735 0.667 0.686
CPCCP+ 0.739 0.567 0.765 0. 806 0.589 0.723 0.668 0.694
RF Baseline 0.712 0. 480 0.730 0.760 0.567 0.728 0.673 0.664
CPCCP+ 0.727 0.558 0.770 0.835 0.583 0.737 0. 660 0.696
Baseline 0.642 0.421 0.704 0.799 0.497 0.676 0.602 0.620
KAN CPCCP+ 0.676 0.526 0.742 0.801 0.501 0.628 0.568 0.635
Baseline 0.634 0.479 0. 660 0. 809 0.470 0.695 0.635 0.626"
T LR CPCCP+ 0. 650 0.439 0.678 0.832 0.491 0.694 0. 594 0.625
Recall SVM Baseline 0.626 0.343 0.647 0.795 0. 404 0.673 0.548 0.577
CPCCP+ 0.647 0. 480 0.675 0.820 0.418 0.634 0.542 0.602
Baseline 0.651 0. 337 0.712 0.815 0.497 0.677 0.612 0.614
RE CPCCP+ 0.672 0. 454 0.665 0. 829 0.492 0. 647 0.569 0.618
Baseline 0.649 0.406 0.694 0.734 0.493 0.688 0.607 0.610
KN CPCCP+ 0.666 0.485 0.721 0.762 0.491 0. 609 0.561 0.613
LR Baseline 0. 644 0.437 0.674 0.781 0.465 0.692 0.623 0.617*
4 CPCCP+ 0.653 0.443 0.703 0.764 0.488 0.686 0.572 0.616
F-measure SUM Baseline 0. 654 0.392 0.695 0.795 0. 450 0.671 0. 580 0. 605
CPCCP+ 0.676 0.477 0.706 0.785 0.450 0.666 0.589 0.621
. Baseline 0.667 0. 360 0.704 0.773 0.468 0.688 0.613 0.610
RF CPCCP+ 0. 680 0.431 0. 704 0.815 0. 459 0.682 0.596 0.624

3 Ol fb S o Y 2 05 E TR 1 g
Table 3 Performance of cross-project prediction for clonechanging instances

To To To To To To To
#f AR % ArgoUML carol dnsjava jEdit jFreechart jabref Tuxguitar AVG
Baseline 0.526 0.417 0. 550 0.492 0.478 0.486 0.430 0.483
KN CPCCP+ 0.460 0.595 0. 400 0.526 0.513 0.514 0.529 0.505
Baseline 0.441 0. 480 0.517 0.509 0.518 0.562 0. 500 0.504
) LR CPCCP+  0.459 0.524 0.517 0.524 0.524 0.540 0.504 0.513
Precision SVM Baseline 0.481 0. 480 0.533 0.513 0.498 0.505 0.483 0.499
CPCCP+ 0.463 0.504 0. 500 0.517 0.507 0.517 0.498 0.501
RF Baseline 0.501 0.405 0.483 0.494 0.488 0.488 0.446 0.472
CPCCP+ 0.502 0.512 0.567 0.526 0.514 0.514 0.462 0.514
KNN Baseline 0.601 0.598 0.711 0.500 0. 394 0.507 0.575 0.555"
CPCCP+ 0.443 0.625 0.541 0.533 0.533 0.556 0.583 0.545
LR Baseline 0.532 0.622 0.733 0.517 0.530 0.582 0.612 0.590
I CPCCP+ 0.566 0.637 0. 685 0.553 0.541 0.590 0.610 0.597
Recell SUM Baseline 0. 604 0. 457 0.519 0.416 0.406 0.439 0.435 0.468
CPCCP+ 0.502 0.524 0. 557 0.519 0.461 0.528 0.502 0.513
) Baseline 0.587 0.593 0. 620 0.478 0.488 0.484 0.602 0.550
RE CPCCP+ 0.576 0.545 0.717 0.536 0.468 0.519 0.605 0.567
KNN Baseline 0.478 0.399 0.569 0.438 0.379 0.423 0. 380 0.438
CPCCP+ 0. 386 0.585 0. 357 0.484 0.425 0.448 0.498 0. 455
LR Baseline 0.411 0.499 0.557 0.472 0. 487 0.528 0.495 0.493*
S 4 CPCCP+ 0.433 0.518 0.509 0.481 0.478 0.499 0.512 0.490
F-measure SUM Baseline 0.393 0.423 0.484 0.399 0.391 0.378 0.411 0.411
CPCCP+ 0. 381 0.468 0.441 0.416 0.402 0.418 0.442 0.424
RE Baseline 0.461 0.393 0.502 0.439 0.413 0.422 0.416 0.435
CPCCP+ 0.471 0.490 0.552 0.464 0. 444 0.468 0.447 0.477
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