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Empirical Studies on Multi-objective File-level Software Defect Prediction Method
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Y(School of Information Science and Technology, Nantong University, Nantong 226019, China)
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3(Guangxi Key Laboratory of Trusted Software (Guilin University of Electronic Technology), Guilin 541004, China)
*(School of Computer Software, Tianjin University, Tianjin 300072, China)

Abstract: By mining software repositories, software defect prediction can construct models to predict potential defective modules of
projects under testing in advance and then optimize the allocation of test resources. When considering effort-aware performance measures,
the performance comparison between supervised methods and unsupervised methods has been a recent hot topic. In the recent study for
file-level defect prediction problem, Yan et al. conducted empirical studies by using unsupervised and supervised methods considered by
Yang et al. and obtained the conclusion that some unsupervised methods can outperform the supervised methods. The empirical studies
based on 10 projects from the open source community were conducted. Final results show that under the within-project defect prediction
scenario, MULTI method can improve 105.81% and 123.84% respectively on average when compared to the best unsupervised method
and the best supervised method based on ACC performance measure. While MULTI method can improve 35.61% and 38.70% respectively
on average when compared to the best unsupervised method and the best supervised method based on Popr performance measure. Under
the cross- project defect prediction scenario, MULTI method can improve 22.42% and 34.95% respectively on average when compared to
the best unsupervised method and the best supervised method based on ACC performance measure. While MULTI method can improve
11.45% and 17.92% respectively on average when compared to the best unsupervised method and the best supervised method based on
Popt performance measure. Based on PMI and IFA performance measures proposed by Huang et al., it is found that MULTI method has
the issue of trade-off, but it is still better than the best two unsupervised methods when considering ACC and Popt performance measures.
Besides, MULTI method is compared with the recently proposed OneWay and CBS methods. The results show that MULT! performs
significantly better than these two methods. Based on F1 performance measure, MULTI method also shows the superiority. Finally, the
analysis on the time cost of the model construction shows that the overhead of MULTI method is acceptable.

Key words: software quality assurance; software defect prediction; supervised learning; unsupervised learning; multi-objective

optimization

WA 72 i 0 A T A i S 9 (0 W R SR A AT s SRR T VR A S I ) AR AR 5 LN R B 1R T e, T A
A B TR PR = TR S8 RS T RS AR U 2 A AT Dby 8 7 (R IR L R 25 4 Al ok BRI 4R B R 2K B
JEC 2 7 i T B AR i g 4. A B R 563 W AR P T A A o J 9T e A N L DAY S R S D
W, 2 52 12 SR B R A XA Bk R O HLAS AR 4R, DA ik, DN 20 75 BB R 8 70 B 3 8 i vl g
TS TR H T PR Sl B R B B, I R I e B RS B B N T 22 1) B A TR B U (R X e B A e v v BB
o 553 IR 490 S8 T 8 6 11 B 7 5 140 ) 1 4 4 Bk s T (software defect prediction) 31 nf AT
PR S5 B R P A ) — Tl i 285 23 A v, 3 o 5 40 AR A A (4] L ot A e B IR B R A O A 4
TR GE), v LAY SR H S B TR0 AR Y, I DA b e £ iy RO A0 3T H P 118 40 B R P A B TR 0k 1% g vk T LA A
AU YR 1) 23T, AT A B8 T 4 v o 240 b e PR At 7 i (1 B

L S B A DR I m DA R A DA P R A PR, AT I AR £ et g DU I P 1) T A R R AT TR
VYR AL 0 B, BT b 3K A T 2 R Bt (4] A A5 BE R S R — AR 28 S R 1 T H P 1 B A R e BB 4 BB R B A
1 B3 PR AR 26, DA v B AT 13 B S TR A N 53 W] DARR AR 12 HE P 21 S AR 20 58 1oxe 78 e B B PR AR o 2 B0
TR IR 70 0B 8 VIR A7 7 24 PR IS 0% 840 o R Bt [T A R L 5 o) B8 22 85k B 1R ARG AT HE 5276 Bk 8
s SN SR AR I8 1 (effort-aware) R U7 P 45 A7 o6 A5 28 1 g REAT TP Al 2 T A QU 8 1 PP U 48 05, A e
5 2 3R TR MR B A5 2 T 2 TR i b SR T — AN LA G S I ) A T AR 4G S R S B T
(change-level software defect prediction, fij#% CL-SDP) i 5 ', Yang %5 A58 A5 1 2 B 77 A — S8 0 W B 24 2] 5 ¥,
ORI AR T AR T AT 2 o W S 7 B S Fu 28 ABIBL K Huang 25 AT} Yang 25 A 9FST T
VEVEAT 7 L A3 T — 2B A R I IR TR T HE T 2 H AR A W 2 33 J5 7% MULT | 72 95 35 H
[ 750 (cross-project defect prediction)3% 5 [ 30 H B Tl (within-project defect prediction) i & A3 T 1 3 (1)
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BRBATIONZ) 55 N RN T MULTL 525 Yang 55 A 2% 11 J0 W B 2% 20 5 i R B 2% 20 i T (R Pk e 22
F 8 R MULTI BRI 3 AN 50 N 24 e AT 55 4 1) T00 42F 6, M7 30 IR A Mk B¢ 2% X0 D7 VAR LA FE N
GLEAT S,
L5 CL-SDP [n] AN [, 5 T~ SO r 55 (7 T 1) % S P52 S L (R T H o, SR 82 A mTT DU ok Ay 20 88 ) 1) 3K
B[ T (file-level software defect prediction, f&j AR FL-SDP) i U4 K Hotor 15 8 52 S 44, DA bR e )y & A (94K
AT H 5 %2, % L& (1 3 8 70t IF AN ) B, Yan 25 A BVEt % FL-SDP il £, %) Yang %5 A\ 2% 1 f) 6 W 8% 2% 51 Jr ik
AT WS 2 S D7 AT TR N LRER, IE 13 31 7 AHAUL IR 45 18 (B4R AT BT 040 X FL-SDP il 8, 8 3 T A% A I8 S 1)
PEMFERR R, IR AT GO IE T2 HEREAL I MULTI 773k Yan 268\ 2% R84 W2 S 07 A0 0 Bt
5 2] T VE PR REREAT YR N BT R L A8 TR b ATV Xk 1] R o 9 TF Ji T K BUASE S F . B AR A S A
VEIFE b5 (11 it ACC T Popr), AT I MULT L J5 321 [ J0 H 65 e Tl 47 s 1825 300 H G5l B Tt 37 ¢ 1 80 22 2 %
T Yan S5 NFIETE W S S ik A WU S TR U S Bl R ) OneWay J7APIRI CBS 5 ikl aE T
Huang 2 A 42 LK) PMI AT IFA SEBIEFRE, AT R B MULTI J7 v S5 AR B8 FR AR B A AE — 2 147 % (247
UfT-4E ACC Hl Popr VIR AR I 3 30 S5 e (07 A i JIC M 0 2 ) O vk Rtk 2 A0 5T FL VIR FR 19 25 R AR gt — 20
KOUE T MULTI J7 35 D e [ b, 308 Jek 43 7 SR ) 2 1D F ] 48, 3T 19 A MULTL J7 ARSI 25 4 9% 11
TEIFFA T RN B L2 VG 2 .
ARSI EZEDTHR AT LATR R A5 R
(1) BAVEEFAN I VEIAR bR RN S HT T 2T 2 HARRAK I MULTI J5 12575 56 -1 SO RLE 1 ot B 13
I i) b ) e
(2) ASCAESLIEWFFLH IS T 10 AR H ARV REVEAh 125 18 T IR IR H BB TN 3 RN i 1
B 37 B MULTL J7vk s Yan 25 A% FE IR 0 I B 2 ) J AN B2 21 vk B, wu A
Menzies 4 (1] OneWay 75 :P1LL K2 Huang %5 A4 Hi 19 CBS J7 VA HEAT HL e, R B MULTI J7 vE £ T
WP BE L3 B B A3 TR B MULTI J7 9478 FL-SDP ) 83 L [ e H A LA A8 .
ARICH 1 WA BB BRI TTTY 5%, LA TG B 2 2] D AN B A% 20 5 A Bk B T () R L ) A
FURR.EE 2 AR AT A SCE A 503 F 2 H AR A1) MULTI J775LL & Yan 58 A2 18 14T M B 2 2 ik
FTCWB 22 2 T80 3 e RSO SE B o vk BB A SCH B PRI R % . PEIFE bRy BEZUPERE VAL 1 5%
S IR DL 5 B M I A A S PEAS IS O VRS 4 WA MR X SR 9 45 SR AN e R R AT T
RSN 5 T B4 A 3L, IR B T 0 SR SRAB A5 D% 19 2 A IF L AUHET T e 2.

1 HHEREARERMEXIE

11 iRE=

AP o N U3k 3 A 5 0 2 (491 A 0 e B R B R R A 5 0 2R 46, U1 4 o e B 7
RIS, A0 P VN 2 H P58 2R A S Wi TR0 S A 00 0 Y pAY PR e R e A i I O 8 N BT U 68 T 2 U3 1Y)
e B R P B R TT B A 78 20 TR A D i s N B 2 (10 AR o 2 A o A B 3 Ao 7 T A A 0 B 0 1) 20
FC I HLAT Bl T vt 3 2B (0 P o O R AR B3, 5 T LR e 2 A P A ) A 52 24 JRE e A O
ek e AR BV H B G B A A — 2 A O (1) BE 8 (metrics) 10 3 o B PR AR (1 £ 52 2% BE T LA
1Ly A5 47 8 (line of code). Halstead % 5 . McCabe P 52 % [ 5 CK i 70 55 MEAT B2 &, 1 ¥ AF T R
LR PR RO T AT e 3 B SR ) 1 42 SRS MRS+ AR A ST AE o T RN 7 1K) s R 420 6 1 A A B A
JBE LA B 0 T APy A 25k 2 2 VAT R e L 8 3oL 43 W 0 P, ok S 47 10 R P A AR (LB TR BE ] AR 98
I 5 v B O A B S0, SOPF AR, A By T B v 10 58 o m] UK X S il I (R bl AT ot ) e
SIMTARTE A A8 150 T A5 455 SR RAR S e B A 5 T T LI Jo S RS B R A7 v 3 (DK S B S R b Dby 4 e B 0
). TR BRI B M SRR AL W] AR 3 TR N R 1 B A s A B ARG —  RT5 VA (B e 22
Gt SCRFIREHLL FD 3R DL S B L AR b 25 ) R g A ) s U A
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12 REBEIFEEHREFIFEEMMERE LK

JEAF SR I N AR T R (1 e o 00 e Ay v T8, O A v A A M 2 R P e g T 5 P
DL R 28 5 v v 38 03 T 1k T AT MBS 2 20 R X VR T L T ERR I 1 U S B 4 R b sl Y
PRI 75 A 2l 10 N 7 R4 73 5K 56 Fiobas 10 2500 2 1 450 4 i TG M 8¢ 2% 30 5 R A 7 R4 4 bR ad IR I 2R 4
P4, AT DL B 0 AR AT T, PRt P AR AR RN R I A S Ak SRR T R SRR AH 45

T8 AR A 5 14 AP e g P00 1) 8 (A — 2 Sk T 32 ) BB e R just-in-time 07 e s i) (3260
LA AN AT LU R 0 B A DT RN B A Kamei 25 N BSTARFSAE S i e . H AR 20 0%
B e g sk CA R T e N 70 8 6 55 8 JEE ) e K TR0 AR R 8 DO AT P2 2, R R W T 58 T I B EALR(effort-aware
linear regression) J7 ¥4 Yang 25 AFURE T AR I 0 O VT DN F5 b, 76 1 B PP A b 3 0 b 2 B 470 — S ) 84 1) O ¢
779, e O A A W 7 v (04 Kamei 25 A 32 11K EALR 77 7230y A DUHRC#5 58 47 1 1k 6. Fu 25 A% Yang 45
N B SSIERF ST AT 7 O AL AT R I I AN BT 10 1 B V2 A ) 2 8 T DA A o R O v IR
AT T OneWay Jy ik, BL 0T LA [ 5034 B 47 14 TG W 2% 33 05 12 Bt i, Huang 25 ATV B0 7 2 s A IR) A 3t
A I A WA 2 3 7 0 A 2 AR R B o Liu 8 N TPV B — ol 1) G A 2% 3 J7 9 CCUM(code
churn based unsupervised method), 1% J5 12 ¥ A AE B K 3 0 A 53 AR 5 007 18 A4 F2: A0 Jon, #2) Jk CHURN 2
B0, IR 18 0 8 A AE S 3 P 45 SR WT,CCUM LTI LG Yang 25 A % FE ) 7 vk, AT LA
S T TR 1 R

L5 CL-SDP i) f AN 7], 35 1 SCA4 L FEE P10 0 St I 03000 1) R0 447 A RN JBE 18 8 4 SC A, R I S B piy 5 7 1) 4R
K. Yan 25 A\ AE BT I ANIFST T AR TP B %) FL-SDP il @, % Yang 25 A\ 2% R ) J6 W 18 2 S 7 VR4 Wt
SR T REREAT T LR AT, IR A3 B T AL 45 8.

LEBAZ Fir ket X CL-SDP [IBF5E TAE v & B 26T 2 HARTAL 19 753 MULTI 76 3 FAS [7] 137 5% (B[R] 350
B TR0 37 5% B8 T i b T0UI 32 S5ORN 6 1 3 R BB TR0 37 %) R AR B AT Yang S5 N5 B I8 B
S ) IR R IR S 5 ik T R E ST AR, A A Ak L AT 3T 2 H AR MULTI 7% 4E FL-SDP
i) R M R R LT Yan S5 N5 RS AT MR B 4 ) 7 VR R MR B 2 S T ik

2 BT CHhE R R B TN 75 0

N SR E AT A L B I T 2 H AR MULTI J7 3, B 5 IR A4 3 B2 5 MULTL 7 75 b s 1 3
YR 7 V18 33 s Y Ty 5 W] 4 Ay W 2K A I B 3] Ty v N TG M B 2 2] T .
21 BEFZEmRMUEBMMULTIAZ

MULTI J5 241 %F FL-SDP [a) @ ¥ B T B AN B AL AL H A3 A 58 1AM AL H AR 50 B 0 8 5 R ]
22 MR A H SR AR B B B 2 AR B BR A 10 D AR A T R AT RE ek /D AR TS A AR A S B R R
(R AN AL H AR 2 TR AFAE — 72 R BE IR 4T 92 56 28 BRI SR )11 250 L Fr A5 280 3 5 R ) b B 22 ) dle g A B 6, D) 5
BENTE Z (RACHD B 2 TR &5 A &, 25 75 ek 2D A1 B 2 T 7 o, I )1 25 10 AR 2 A mT B2 ot s 4 — S (ol
bl

ACAE ) Logistic [R1V 773k 1 S5 il 455 284 A i R e Bt FH A 4Rp AE (B 35 A2 G5l g T 110 32 2 e ) 1B AT 8
g, DU FRUIN ASE TR 1) 2R BORT AR 7Rk — 4 1] i w={ W, Wo, ... Wi b 25 5 TR ASE 70 1) 2 0 1 o w0 T 00 P 7R 3 A
Hemy, Hor BRI my 28§ ANEREEUEL A v 2, T DU A (1) T 8 %R e B A 5 i B R 22

1
VW) = ®

ALK FL-SDP ] 85 3455k 28 S 1) = 7693 28 ) J8, [ BN A B 40 288 B B0 8 T 00 0.5, BT TR0 o 1) 5 i P

N 2R BUAE T 0.5, WD 2 2 e S Hle F0I0 Ay A 5t o 17 D W T2 R P AR B 0000 A TG e b L o1 5 A =X F s,




3698 Journal of Software #:fF54& Vol.30, No.12, December 2019

Y(mi,w):{l' -ify(mi,w)>0.5 @)
0, if y(m,,w) < 0.5
B G AR R A0 B AR I TE B AR TR AT T A AR5 MR R R IR w SRR TR,
DU R AR B BRI 28 1 A4 B AR, AT v S o LT
benefit(w) = > Y (m;,w) x buggy(m;) (3)

m;eM
b buggy(m) F T2 R FP A EE my 2 75 A 25 B 2 SRAZ AR Ee oA 5 A7 e B, I b 155 ), L ERAE 4 0.
BB B B A 2R 2 N4 F bR, R 5 0 0 R
cost(w) = Y (m;,w)x LOC(m,) (4)

mjeM
H b LOC(my) % ST LB 1 5 7 1) PR AT 4, 26 RBIF I AR P B A B 55 7 1) P B AT 480 22 0 75 95 43
DN IR o 75t A (B0 75 B 5 16 2 2 ).
FRAT3T 3ek A HEL SR K PR BRI LA TS R AT R 1 TR T W R r A 1 SO A
FA SO R AR R R B () SERRISA buggy() LU AR H #EAH LOC(). IS 1AMtk H A%
P T A5 2 3 (Ox L 1xO+...+ 1x L) P AE 41, 55 2 A URA HBR R 7T 5 524 38 (1x50+0x80+...+1x20) 7 B 1.

Table 1 A synthesized instance
F 1 LS

N T
fi 0 1 50
fa 1 0 80
fy 1 1 20

BT Bk oy b A SCHK FL-SDP ) UGS S 22 IR 0L H B Ak 1e) 8, 2 T 07 (5 ik, A1 ek 52 H
PRAAAH 5GBS AT 3 L.

FEX 1(Pareto XELKXFR). BBH Tk FL-SDP R 1y 99 A1 i 73 50l HT wa BT wy, BEAT #7, 0U) w,Pareto
L w, 24 HA Y

(benefit(wy)>benefit(wy) and cost(w,)<<cost(wy)) or (benefit(w,) =benefit(wy) and cost(w,)<cost(wy)).

EX 2(Pareto RMKME). —MEILME w HIA G2 Pareto S AR, 4 HACAAAEAE oAbk iR w™ % Al ik iy
Pareto SZfict w.

TE X 3(Pareto RLARE). ity Pareto frfLfif il LA Pareto Sz fltfif4:.

EX 4(Pareto BI:B). BT A Pareto f A5t N (AN [ HLAk H Ao (B AE 25 8] P F2 B8 P Bl T 4 Fk A Pareto RiT¥

BExS 2 H AR AL a8 BTN 03 e 3 T R B AN [ S R 0 5525 A e R0 1 SRR T AL VR R A 3
Pareto i %Y. H il 2 H bR A Ak S A8 00E TR 180 b O 40 IRAS T 22 (10 i oh B 8L AR S % Je 1y MULTIL
BRI TR 2l 2 BRI SE NSGA-NTTNSGA-I Sk AR 5 AT — 5 I (B0 3% 143 2 1 ek
A SCHCHE P 500 o G 0 A A 5% B U 55 75 VR FRORG S OR B AL ) T DL A 280 A Bl R B e s S AL R AR
BENSGA-I ST AERE AT RS A I, B 56 8 P S 33 7 A 0T ) e (A B B i 2 = B i e (o i 5 1
—REANRE N B Qe AR REAT B OF IR TR T 20 2 A SR AR S EHE P SRR 58 A A (R HE R IR TN R
SCHC 2 1 IR G (AR AR I T B L A B (AR TR 5% 2, o i ) I 2 8 A1 ST 0% 2R R0 G (0 4 (R 4 5 I 3 L i 72 4
SRR R TR e O AR TR TR BT O AP AE .. MULTL 5 2R i mh i) G €040 20 B D 0000 A5 184 £y 22 550 ) o, £ DI 246 L
AT LA I G (0 AR RS I 189 2R 550 1) A DI 5 s T AR 28, O i S 43 50l i T benefit e #0 (L 22 X (3)) I cost pf H (L 22
@)K T S L PO A AL ¥ R SO0 AR A O AR IS 0% 1 R,

3% 1 MULTI 7k,

N R R N, B IR AL T,

iy - Pareto F AN AR 4E.
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1 i«0

2 Pi«initPop(N)

3 whilei<T do

4 Ci«—makeNewPop(P;)

5 B;«P;UC;

6 F«fastNondominatedSort(B;)
7 Pi<J

8 je1

9 while |Pi,q|+|Fj| <N do

10 crowingDistanceAssign(F;)
11 Pi+1¢-PinUF;

12 jej+l

13 end while

14 sort(F;) //according to crowding distance
15 Pir1¢-PisgUFj[1:(N=[Pi.a])]
16 i—i+l

17 end while

18 return P; NI T Pareto fx i fi

MULTI J5 35 0 B ARSAT I R oy DL &5 0 1 2 26 0 A AT W24k GO B8R 2), e (5 A S I8 f) 1) 2 P G 38
BE AL AEL. B 5 A P A8 B AP e B T DA AR OB I e AR G IR 4). Bk, R e ST S 58 TR e I8
MR BEATL B 3% HE — AN 4 o) LA 708 e 9 7= A — AN O G B i A8 B 4 B T4 8 1A 28 SO 6 B L 22K H
A G (0 4R o AT AT SO 2 AN B I G (0 AR B & MULTIL D5 vE 3L T B4 7 JF it 04 Pareto 3L o6
F N R P 100 G A 3 HH — 5 BRI e R e AR B — R AR UL, B S M R R I
PR FIE TP RS A T 2R B B B R A T B4R A B (P 3% 5).48 5 1l A fastNondominateSort p& 2115 H B,
H A Je e R 1Y) NDR(non-dominated rank)BUE (53R 6).i%F Bt BB 45 a0 R, B 58 By Wk BT 5 AN g
Pareto SCHCIH 4 A4k 45 B A100 NDR 1 BN 1R NG EATAES BB RIES Frbi )5, 4k82 0 B, ik Ty
ANfEwE Pareto SCHC A S (AR B 211 NDR H BB N 2, R B e MINES BB SI4ES F A AT LIk #E,
HBES BT A AT R AR AN BT J k1) NDR BUE,MULTI J7ika R 4e 7% £ NDR EUH B /)
MY AR B R —Re R CU IR 7~508 15). %02 4 MULTI 5 v 520 38 i 45 P 3 0 sk i 4 1 HH v A DL RS e £,
A, T A DRI N TR e A B — 58 1) 2 BRIt M IA B4 5 1 35 KIE AR IR B MaxT Jid, MULTI J7 83 [A] 24 i
FhEEFR (K TS Pareto U0 AR. X FLAG IOVE 2 K2, MULTI J7 A0 Tl 24 Sk o 85 1 Pareto e 04 bt o 3 T
ARG W IR AR SRR N 25 L Gl B PO BTS00 AR b T B L 20 IR ASETRY (1) F00 2 .
22 HEFE
221 AHWEENTk

Ghotra % NSRS HT T KA W 25 ) 05 5 (R P REAE JCPE B B T b S 75 4 8 B P 22 e AR S
F B 31 FhJC M B 3] U7 ok B T Ghotra 45 A MZE SCIERF T b 2% FE (0 7 vk, AR L3 2.
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Table 2 Overview of supervised methods
xR 2 AKUFEBMNATIE A T5 ik

JrikR A B 2 21 7 LR R
Function I__inear regression (EALR), simpl_e Iog_is?ic (SL),_ra_diaI_basis
functions network (RBFNet), sequential minimal optimization (SMO)
Lazy K-nearest neighbor (IBK)
Rule Propositional rule (JRIP), ripple down rules (Ridor)
Bayes Naive Bayes (NB)
Tree J48(J48), logistic model tree (LMT), random forest (RF)
Ensemble (bagging) BG+LMT,BG+NB,BG+SL,BG+SMO,BG+J48
Ensemble (adaboost) AB+LMT,AB+NB,AB+SL,AB+SMO,AB+J48
Ensemble (rotation forest) RF+LMT,RF+NB,RF+SL,RF+SMO,RF+J48
Ensembel (random subspace) RS+LMT,RS+NB,RS+SL,RS+SMO,RS+J48

X7 VA T Al Sk OB 31 I W 2 2] v T LA 4> 6 25 B ARk Ut function 267
F3E 4 Fh7iE Lazy 2RRALHE 1 Fh 5%, Rule 28R40 5 2 FhJr ik, Bayes 2R AU EE 1 Ff s ik, Tree 25745 3 Fh oy
YRR ) R TR R S T AN E X 414y A 4 A~F2(bagging 5§ M K #% 8 BG. adaboost X A [ 1 #x
>}y AB. rotation forest X} & K] & ¥k & RF. random subspace %} 3 (K & ¥k i RS), 412K & H3% 5 Fhj7 % Ll BG+
LMT 4, e R i% 07 R LMT 5 A4 A3 575, L BG 1 8% 31 05 i ARG 3 28 J7 3 AR 1= AT LA
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PEBEZ S G PIANERR It Huang 25 AR 78 5 DA IR S e 8 LA K% 8 e 0 R I P 352 R 1) 03 7 A £ 2

3.1 IFEMIF &K

AL BE K PFI %K 11 PROMISE $us #2124 30 S P nf 525k 1 F T U500 H , BAT AR MR K L T H 458 Hy
B4 T H 3 ER R s AL BRI 2 4 Ik S T0 H AR 78 36 7 A [ 288 28 g 5 45038, DR b LA — s 1 e B
Ant JETREFFHIE T H . Tomcat J&T Web AR 4548 I BP0 5 75 i bt SC AR i 2% RE A B B G RIRA . 44
FRRLE AR R 3.
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Table 3 Metrics used by experimental subjects
F 3 VRN 5% I8 E H T

EH JERICAIR B e X
LOC Lines of code
WMC Weighted methods per class
NPM Number of public methods
Complexity AMC Average method complexity
Max_cc Max value of CC among methods of the investigated class
Avg_cc Average value of CC among methods of the investigated class
MOA Measure of aggregation
CBO Coupling between object classes
RFC Response for a class
Coupling CA Afferent coupl_ings
CE Efferent couplings
IC Inheritance coupling
CBM Coupling between methods
LCOM Lack of cohesion in methods
Cohesion LCOM3 Lack of cohesion in methods
CAM Cohesion among methods of class
DIT Depth of inheritance tree
Abstraction NOC Number of children
MFA Measure of functional abstraction
Encapsulation DAM Data access metric

Table 4 Statistics of datasets
FT 4 BURERISIRE
T 4 R KA S SIS R B SO Bl B SCPE BT o L1 (%)

Ant-1.7 745 166 22.3
Camel-1.6 965 188 19.5
lvy-1.4 241 16 6.6
Jedit-4.0 306 75 24.5
Log4j-1.0 135 34 25.2
Velocity-1.6 229 78 34.1
POI-2.0 314 37 11.8
Tomcat-6.0 858 7 9.0
Xlan-2.4 723 110 15.2
Xerces-1.3 453 69 15.2

3.2 MR

A ST A 2 IR AC K OF U 4R AR Mende 45 TRV YOk D0 AR H 51N B Gl [ T A 2 A I
Kamei 25 \ PR A% ZiHia bR T 1 SEAEBIF 9L 45 8 A2 AR
SN VPR bR N AT T ERRAE. S AR L :
PSR — 8, A S % B T AN VEI R bR ACC
H Popr. X AN HR AR 18 T AR, I B 2
EAEL 768 K, %ot 7 (1 70 g A e AR SO R e R L )
FUBERL S WA, Ho ACC $R bR TH B 2 4 ] T
Fi o A9 (— M2 Lo A 182 A 209%) FA) R 5 95 i A5
TR X Bl B B D ) A 42 %100 Popr 4845 AT LUK A £ u
XTI T B (AT IEAT T O f A 35 [ S e
EEE L PR E RS 3 4 ik, 4 5t I T A . O S T X .
T om., HARHEE optimal FH: 22K worst. flatio afLOC

1F e A0 AR TR e A B g B HC S B 1) 5T 8 85 R DA v Fig.1 Illustration of Py, performance metric
B IEAT Hl 17, 77 5 2 A 200 ey A B 0] 42 F L SE2 o 11 e K1 Poy fRARIINE K
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Area(m) /3 7l & s 1580 optimal,worst LA & m R il 2 R TR 5 2 Popr TR AR HITHE A S i,
Area(optimal) — Area(m) 5)
Area(optimal) — Area(worst)

Bk 2 A, A SCIE % 8 T Huang 2% OV L 1) 9 BT VF DI 5 A% . L 44K 36 PMI(proportion of modules
inspected) 545 vh 5751 9 20% 14900 B U8 5 WK AR ARE B BT v L A8 JF AR o, 3 s A AH ) 1 AR T JEAT
TR B2 B 23X R R A 5 BT & A B AT B £ 19 BN SO e, I T B AT T (0 T e R e A i TLIRA
(number of initial false alarms)#& #r ik [B] 7 & A 53K 2R A ARHR I, 2208 31 585 1 AN B0 IE G BT H 2 i 75 2R )
HSS B A% AR B A T B o 0 v P28 s e PR 280, MR iy, 2 7 8 AR 1 A0 ™, W i 4 0 T R B
AR /ORI 0 38 5% 1
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SEAE B oy 2 SRR ik 4 O 10 S i B g S 0 9 AR h ISR I 1 A A SE. S EiRidFR 10 X,
DA PR A5 AN ASEE S R A0k Fo0I0 1 1 2 (7] B A 77 38 S 004 4R mh S 491 ok e o T0U &5 SR ()5 i, 78 S8 oh FRAT 1K 10 47
A XIUE RS T 10 IR AR IREAT T A8 FH A [R] 1R BE AL 75 Bt 42 v I A b AT BEALET L, 18 30K R B 1
BE 7 AR A 10x10 748 SCHIE.

AR S B B4 T PR I B, 75 ZEREAT 0 A 1ot H (R H BR 20 B ) 7T R — A8 a3 3 BUE AN H 24
R MARIC B A 2, B AR D T 02 AT D 4541 18 A 35 (R I ) PR A% 3 808k SR I B R A SO 3 A A8 7Y
IR AIE 7 K o 185 0 e T 2SR B BRI S AT n AN A S TR nx(n—1) AN T B [ 0 3
ST ASCILHIET 10 AT H R 55 28 0] #4890 A5 T H e B Tioil 3% 5.
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Fig.2 Experimental process of MULTI method
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R 2 L 0 U 27 0 70, B 2 SO 0 5 15 Yan 5 N5 — B0 BT % FL-SDP i) A S 1 %%
BT 19 IR 5 31 (R TR 12— 70, K% K LOC B8t 7 10 R R 4% S0 7 BE A LOC
RIEHR AR ).

R B2 90, 00 2 FLEROR A7 AT 3 51 0 i BRATDAT T 0 F SO B P,

(1) EATHITCRNN, B P 2547 1K T AR 2 A U 1 0B 0 L0 B S, 00 SR — M 52

T A A AR AT 615 K BRI T AR DR, 5 Yan 5 1% 16 (045 6 67
S AT LA PE O 30 BE FT AR A SCHFHR 64725 Yan 5 A% 16 107 VR AT A I L
(2) A SRR EIELIERT Log FHb o, LLSEARAS (MR L0 i (skew) .
(3) VNS 7 BEHLACR B 7 KA vl 84 6 R 9 4 6 02 R 06 1 . 264 30 15 3R 8]
R — S0 2 VI 5 5 1B URS BR JE BB P, T S W R T B 10 B 57 B P
CEETIED

R 2 51,0 T ARAE S S A0 24 B XY I B 10 v, B (036 0 WA P O B BRI 45
B,

35 REMHWT

ASCAE B Scott-Knott K36 A A S e i T 77 1 (3t 51 Rl BT HERE 143 41.Scott-Knott 456 2438
IX AT 11 5 vk oy B B AT B 5 P 22 R R (a=0.05). 2 A4k 15, Scott-Knott £ 46 4 H 75 )2 R 2K M WA T5
VEVEE AN R L8 08 A 5 v FE T PERE (B T ACC 8k Popr $8HR) X 43 1 99 41 G SR A AE — 21 P /O T v
T A7 1E 535 72 S 0 WU L S5 i ARAE ) IR S R X A N (0 VR R B 1, H R AN R VL 2 A E B3 2 =
2k 1k

KT HrET 2 BRI MULTI J7iEAR Le LAt 38k T v 2 5 B W AL 3 A SC% E T Benjamini-
Hochberg(BH) & 1EJ5 ¥ p P 3144 5 B K- P ¥ E A 0.05. 0 5 MULTI 5k BAT B35 034 )k — 25 SR
Cliff’s Sl B m ik Pl 2 S ft B HG 2 S P 8 R sl WU i 1) 45 SC MR [35] PR — 38, B ISR 5. B L i 2 i &5
WA MULTI 77k B30 T2 T8 @ 3k 77 v, 75 28 BH A 1IE /A 19 p {5 /M T 0.05, [l i), H 722 R AN J2
negligible ;W1 MULTI 77538 @ M EHE N VEAAE B2 22 7,0 BH B IE/EM p AN T 0.05,80#
SR BH & IEJG B p {5 /N T 0.05,1H I 2= 2 72 & 2 negligible 1.

Table 5 Magnitude of effectiveness level of Cliff’S §and its thresholds
F 5 Cliff's 5122 7P B B H g BURAE G H

ERFEY IR v

Negligible |6]<0.147
Small 0.147<|6]<0.33
Medium 0.33<|5]<0.474

Large 0.474<|5|
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Fig.3 Comparision between MULTI with two simple search methods in cross-project defect prediction scenario

3 PSR H BTN BN MULTI J7 45 P Ah fa] B3 22 05 VR HL AR

B i, B AT 148 hypervolume(HV) #8545 K ELi MULTI J77% 5 RANDOM J7 ¥ 45 i) Pareto Hi Y i) 5 e HV
FEbRIE 2 H AR AL S0P Al T P 00—l 2 e R O] B mT DU Mo i B Pareto BT E 5 (14 I b 25 1) AR 25 4,
Ktk HV HEGBR R, 276 W IF) Pareto TV 5 £ B . 3RATT [RRE 22 T~ 5 10 B SR B Pl 37 52 % MULTIL 7 5
RANDOM 774 Jili ) Pareto A 3E T HV HEHAT 7 LR B & 45 R & 4 fios Ji il B 4 ASHEE H L MULTI 7
VLA KK Pareto R W & 5.

4.1 5XRQIMILER SR

[ 00 Sl B T 37 5t 1 AN R VA (¥ Scott-Knott A3 46 45 R 4n B 5 Bros b i 26 120 B AN R 1 20 4, B A
T3 A% SR AT B AR AT HE P T (0 3R s T B 2 ) U5 i, BR O A I 2 ) T N AN TR
T ACC fRFRIE LI T Popr #5F8,MULTI J7 58 A0 T Yan 55 N 25 RE A TG B 27 21 7 ik AT B 2 1 Tk,



3705

MRF AT R 4 % B AREHE SR TR TN T ik SEAEAT R

gl 10 | mlocky i | posi0 | omcstdld] | lendd | st 3

| ool A & | hepeid eiad B

T

-t

Fig.4 Comparision between MULTI with RANDOM based on HV in cross-project defect prediction scenario
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B G BT TN T H SR MULTI Jy vk 55 Bl ik AT LUAse AT A HE Uy 32 v ide 1 Pk e s 2 TR P
BB T R P T G WA T v B A A R AR 6 FIER T
Table 6 MULTI vs. top two supervised and unsupervised methods

in within-project defect prediction scenario using ACC
6 FIUH BB TN 7 5N MULTI J7 k-5 e (K PO R A7 S A s B 7 VA I B AL (B T ACC)

5 B 4 s B 5 i AWk
MULTI AMC RFC EALR AB+LMT

Ant-1.7 0.412 0.235 0.205 0.209 0.200
Camel-1.6 0.682 0.400 0.500 0.455 0.263
lvy-1.4 1.000 0.000 0.000 0.000 0.000
Jedit-4.0 0.625 0.444 0.369 0.286 0.286
Log4j-1.0 0.667 0.414 0.250 0.333 0.286
Velocity-1.6 0.778 0.500 0.500 0.500 0.300
POI-2.0 1.000 0.250 0.354 0.333 0.310
Tomcat-6.0 0.571 0.286 0.222 0.250 0.226
Xlan-2.4 0.551 0.308 0.250 0.304 0.200
Xerces-1.3 0.800 0.600 0.586 0.500 0.286
Average 0.708 0.344 0.324 0.317 0.236
W/D/L — 10/0/0 10/0/0 10/0/0 10/0/0

Table 7 MULTI vs. top two supervised and unsupervised methods
in within-project defect prediction scenario using Popt
RTINS MULTI 73k de i (P AR B 5 AN e B VR I LU (FE T Popr)

——— T 1 R

) MULTI AMC RFC EALR AB+J48
Ant-1.7 0.676 0.550 0.556 0.540 0.477
Camel-1.6 0.819 0.666 0.740 0.702 0.550
lvy-1.4 0.990 0.482 0.570 0.482 0.369
Jedit-4.0 0.840 0.653 0.671 0.597 0.509
Log4j-1.0 0.946 0.668 0.535 0.627 0.547
Velocity-1.6 0.921 0.755 0.746 0.748 0.561
POI-2.0 0.936 0.536 0.611 0.595 0.618
Tomcat-6.0 0.748 0.581 0.524 0.551 0.505
Xlan-2.4 0.750 0.619 0.599 0.614 0.502
Xerces-1.3 0.906 0.775 0.765 0.695 0.501
Average 0.853 0.629 0.632 0.615 0.514
W/D/L — 10/0/0 10/0/0 10/0/0 10/0/0
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105.81%7%1 118.52% 142 & ; MULTI J5vk5 il 04 I 771k EALR R AB+LMT AL, HAPEREA

123.34%711 200.00% {12 7.
(2) #FET Popt VFMTEFR, TR UL MULTI J7ik S5 E & Jri; AMC R RFC AH L HLE R
35.61%F1 34.97%M1H¢ im; MULTI 5 755 S 07 (A W /772 EALR Al AB+J48 A Lk, JL I g5 38.70%
Al 65.95% (14 7.
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4.2 STFRQBILER SR
PSR H b T 5T AN R 55 Scott-Knott #4645 & 6 iR WE AR LR &ET ACC
FRPR IR LI T Popr $547, MULTI J7 753938 B AT Yan 6 N 2% B8 FOTE W B 2% X 7 v 0 W B 2 S 7 vk,
B Jo, T A3 T AEAN 5 50 i [ T 47 563k MULT 5 vk 5 R v 07 302 00 AT b At JRATT AN B v 7 95 v ks 1
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Fig.6 Result of Scott-Knott test in cross-project defect prediction scenario
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Fig.8 Result of Scott-Knott test for IFA
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Fig.8 Result of Scott-Knott test for IFA (Continued)
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OneWay®V ik Fu 25 A2 HY A 5 ) — b A3 Wi 2 0 07 ik LB TN R4 1 3N 2 10 JE 80 v rh okt 0t
Uf 11175 1:.CBS(classify-before-sorting) 5 i1 Huang 25 A4 HH 1R 550 (K — e 7 200 16y o a3 200 oy WA 0 2 ) 3%,
LT S0 B SR AT — 2 B AL B () A R AE S . AT 2% 30 DA ROW R AE U EAT log BB 4k B ) 58
T Logistic [A] VA E A 5 1R AR ZEIBCAR b MR H A4S 200 (10 TH0M) 2 SR K B R 4 kg R 248 A S0 B %) R0 TG ke B 1 B
S AR A A T R ASEAE TR0 Ay 7 55 B 288 v Fr 4B e e RACRE RILABE /N B DR R AT HE P

FHE 2.2 THEBI— R HHE 77 —4F OneWay /LI CBS 7143 AT A+ CL-SDP [ /8 Fll FL-SDP ] .
B e 2 Ah A g A B D ik IR B A O VA SR T TR 3.4 35 BT I TR RE 6 B0 TR AL BE 7 VA MULTL 7k S
OneWay Fl CBS J7 v LLER &5 A a8 9 From N AN TG 1 2 4 T [R] 1 455 B Tl 3 5% 388 2 45 T 85 il
H i B 00 377 5%, MULT L 75345 ACC PFIIFR R AT Popr PRI b3 b, HEPERE S 22 2 25 LT OneWay J774F1 CBS
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Fig.10 Result of Scott-Knott test in cross-project defect prediction scenario based on F1
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P50 H B BE TN 52 R K Scott-Knott #5645 (5T F1 EIFEHR)

Hr MULT 532 RIS g st B 18] TR e T B 5 ik SE I AT o, PR e 33 A7 I [ B e, A S

FTH MULTI 5 v 58 ) 5978 W08 2% X 7 i (L 45 Yan 25 N % & 1) J7 7% . OneWay J5 & Al CBS J5 15) 3T L.
X #8732 474E MAC OS High Sierra #:4E & 48 _(CPU 2.3 GHz Intel Core i5, 4 17 8GB), iz & 45 J 1L 3 8.

Table 8 Model construction time of different FL-SDP supervised methods (s)

Fz 8 AIAl FL-SDP 4 & 75 v ke gt i) i) ()
ik Ant Camel lvy Log4j \elocity POl Xlan  Xerces
MULTI  15.358 15.348 10.013 14.639  15.602  15.067 15.668  16.035
OneWay  0.069  0.069  0.058 0.065 0.062 0.130 0.110  0.080
CBS 0.479 0382  0.372 0.312 0.290 0.249 0.326  0.473
EALR 0.311  0.250  0.115 0.184 0.209 0.143 0.199  0.316
NB 0.054 0.041 0.035 0.038 0.035 0.042 0.037 0.069
SL 0.066 0.084 0.032 0.061 0.046 0.036 0.053 0.077
LMT 0.111 0.376 0.036 0.055 0.109 0.050 0.069 0.110
RBFNet  0.055  0.054  0.041 0.042 0.034 0.032 0.034  0.050
JRIP 0.053  0.057 0.034 0.054 0.044 0.039 0.044  0.065
RF 0.144 0228  0.049 0.070 0.102 0.058 0.110  0.178
SMO 0.043  0.048  0.038 0.051 0.043 0.037 0.034  0.116
J48 0.039  0.064  0.032 0.043 0.051 0.070 0.050  0.064
RIDOR 0.071  0.072  0.034 0.037 0.033 0.083 0.051  0.052
IBK 0.133  0.114  0.033 0.041 0.059 0.084 0.097  0.072
BG+SL 0.430 0524  0.096 0.131 0.235 0.198 0.261  0.199
BG+LMT  0.962 2583  0.142 0.244 0.782 0.382 0.758  0.596
BG+NB 0191  0.130  0.096 0.110 0.146 0.110 0.103  0.096
BG+SMO 0.110 0.109 0.053 0.064 0.142 0.060 0.069 0.110
BG+J48  0.073  0.107  0.047 0.045 0.092 0.044 0.055  0.048
RF+SL 0.490 0575  0.124 0.172 0.427 0.175 0.360  0.246
RF+LMT  1.110  1.497  0.151 0.222 0.718 0.292 0.613  0.434
RF+NB 0.280 0280  0.142 0.149 0.232 0.165 0.240  0.203
RF+SMO  0.178  0.246  0.139 0.185 0.162 0.138 0.158  0.221
RF+J48 0.168  0.248  0.089 0.116 0.159 0.125 0.137  0.195
AB+SL 0.175 0201  0.048 0.080 0.105 0.077 0.141  0.115
AB+LMT 1751  2.499  0.106 0.307 0.733 0.396 1413  0.840
AB+NB 0181  0.154  0.105 0.160 0.111 0.174 0.135  0.113
AB+SMO  0.084 0.106 0.056 0.090 0.051 0.132 0.059 0.065
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Table 8 Model construction time of different FL-SDP supervised methods (Continued)  (s)

F 8 INIF] FL-SDP A W8 7 v 1 R 1 [ (42) ()
)i Ant  Camel Ivy Jedit  Log4j Velocity  POI Tomcat  Xlan  Xerces

AB+48 0110 0.140 0043  0.113 0059  0.067 0070 0046 0078  0.060
RS+SL 0310 0455 0076 0169 0111 0199 0143 0162 0237 0.154
RS+LMT  0.640 1415 0082 0318 0.160 0356  0.186 0.366 0541  0.332
RS+NB  0.089 0103 0060 0076 0061 0068 0064 0068 0100  0.078
RS+SMO 0.073 0.086 0.065 0.076 0.054 0.054 0.082 0.051 0.126 0.095
RS+J48  0.056 0082 0031 0048 0035 0045 0045 0044 0094  0.068
B 8 ANAERILMULTI Jy vk AR 5 iy g i Ie) B ARG i T 56 v ik B A Tl 2 e B 2 W (A T
10s~17s 2 Ja)), He 25 - T84 45 v B Pl S A B B, BIVAE — %6 vpy e P G (0 14038 I AR 10 T 53 DL R L sk 6
TV TR 4.
45 BHEEZMEEZSH
X1 F BT AT BE S 0 B AR SCSEUE I 9T 458 A AP I s IR 38 B AR BB
(1) IR M T K B AT BE R B S 06 45 SROE AP 0 A R 2R R — A ot R i IR 2R R AR s B
ST IR, h T W% R R 5 ] A12% T Yang 2 AM. Wu 1 Menzies® . Yan 25 A Bl it
FIARA, A AR 55 A AT SEREATF 9 00 45 AR RF — B0 BR b 2 A0 AT T T 58 = J7 R 4L 1 B B HE 22 451 2
K H Matlab A1 R /1 FIHL 2% 2% 2 8. Ho Uk #E ACC FaAsF1 PMI 385 1 s i, B AT 1B e mT I Al 3k % 905 B
1 J2 20%, % %58 5 O A WFFT LA {4 — 5423,
(2)  AhERA b T K B ST T IS BN 4538 2 15 BAT — etk T AR SZIERIT 9T S50 10— Mot 3R A

F3& 235 H 2 TT IR I H A B AT @ AR AT H | [R] 3K 28 0t 7 i 1 A ] S (1 8 A, )
AR ORI FE 45 e B — o AR

(3) &AM B R BAE A VRN bR A A BRSO AU R T MR AR B A VR AR AR Popr,
ACC 1 F1 45 h5; BRI 2 A0, FRATE IR A ST Huang 2 AR H LA 5 AN VPR b PMI AT IFA.

5 SEFMRE

AR FL-SDP [ 8 K 3 T 2 H AR AL I MULTI 55 Yan % A 2% B (1 5L 77 vEB Wu A1 Menizes
U OneWay J7 kP K Huang 258 AN F2 HE ) CBS 5 ik IBEAT T ¥R (43 M1 A0 LL . 45 S 26 W 8 £ R 351
R BF TR 37 S5 3 2 1 T ke A TN 37 5%, 355 2% SR AR BBURK (R VT 4R A, MULT L 5325 (% TR0 1 R 48 22 18 25 00 T3
SO FEUE TR, TR B MULT J7 ¥ 7E FL-SDP ) 8 [l FE (A5 D%

KAAFAEAR ZAAEAF IR IR — 20 A0 2, FeAT 145 BE Re % M T U500 R0 v M It H v 38 4 58 22 1 S 42,
SR8 1IF AR SC T A5 1 SR AT FT 45 10 8 15 B A — MM 0 IR AR SC% 1 W 0t 48 T A 35 7 V280 A 7 B, AR kT DA%
B9 AT RV R AT 2 5% 9 B AT A 2 3] kBT 3 T % 1 S BB B K FL-SDP 5 vA AT LL 48, 191
11 Nam 25 A4 1 (%5 CLA Rl CLAMI 7535811 & Zhang 45 A4 4 i 5E T+t 58 2 (spectral clustering) fr) 77 1945
5o J AR SCAS AT B R ASS B RS S P B R f I T % R e 8 o iy B0 2 N — 2 TR R BB IR O B
B[R 4 8 A ik

T 7 AE R TUN O3 H IR SC IR SR AT, AR A DG ARG RN S 50 45 UEAT T 3L, oyl BB https://
github.com/Hecoz/FL-SDP.
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