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Software defect prediction based on classifiers ensemble

LIU Xiao-hua, WANG Tao, WU Zhen-qgiang
(School of Computer Science, Shaanxi Normal University, Xi’ an 710062, China)

Abstract: Software defect prediction using classification algorithms was advocated by many researchers. However, several
new literatures show the performance bottleneck by applying a single classifier recent years. On the other hand, classifiers en-
semble can effectively improve classification performance than a single classifier. This paper conducted a comparative study of
various ensemble methods with perspective of taxonomy. A series of benchmarking experiments on public-domain datasets MDP
show that applying classifiers ensemble methods to predict defect could achieve better performance than using a single classifi-
er. Specially, in all seven ensemble methods evolved by this experiments, voting and random forest have obvious performance

superiority than others, and Stacking also has better generalization ability.
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Jet (classifiers ensemble ) £ A N Bk g T ) f0F 50 4 it A
et . Tosun 25 AV HH T B RN 28 DL I T LN T 22 9 45 L
F A 1) b % 22 (voting feature intervals ) = Fj AN [a] (/) 2 v,
FH TSR BA TR 5 AH AN 22 DU 78300k b 2 B & T T e
HUR IR Z A 7E TS5 B AT A By Bl 1A LABRTE . Zheng'”
BEXFBRFA TGN B 5T T 5 T 6l 22 W 45 1) = A0 A USRI Boos-
ting S35  HAAY AR (UL FhTE Boosting 3% — M4 s A |-

WrRs BH: 2012-10-10; f&E AHA: 2012-11-24
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Joik Sk ) s B A REAR 30T o Bl A K HoA U AR AR 2
RAIES P HAMBREA PR T2 Ik, 40T 3 5 X8
AOREAS A RTCTE N EIE R 702 o SRR b, XTI 1 b ke
ARTTREA HAHK Hoe LR M 0 2 AR, ST 4 A B.C
ARG INE AT A — i AT OISR N T 1 5
DI REA , = A JFR R ] 0 2 T 28 MR AR 2.3 4 =
A DI REAS , AP RAR I R ICIE L —  HE i
AT R S IR T S PR REA Y IR R 20 AR, XA
Mg ] UE Z AR, B A B C =Ar G REA 73 26 B
iU R S RO LA AR R B . LIk, 2 .3 4 = A X
HEREACKE BE R 2226 . AT LA I, 20 AR B 45 SRl S A
JEA I = A ELE I RAR Fe il — > 2 Bty i e o 2 (1 1
PRI ZE B g 126

H1 EEAHBIRS
2 BETFHEMSEBRORETANER

AT S BT 3 04 L T A AR G T A 3 e o TR AR
B B WO S R mo f — AR JE MR R m 2 | a,
ay,y a, b o APRASIIESS R m 3R ¢, BH ¢, H
¢y MERFEIFRIT, T ¢, HARBEEIARIE

Bagging'®' ( bootstrap aggregating ) it — > 4 1 4 1 43 2%
AR oA AR MR IR R TR P8 43 (38 46)
KNG TR o T BB, SR T3 3 4% 55 7 AR
IPRAR L . AR 1 PR, Bagging B35 B TR ] L 345
HURAE N AREAS 302 LA A 40 2888 X VR BEAS 31 1 5k
PRAEIATIIN R, I BB 46 R s Bos 42 ) Koh—38., A
I, 38 7N R F H Bagging L1529 4E 54, ok aE
AR F AR IR B T U125 o0 ) B AR R

Bk 1 Bagging Bkt
Input: the number of ensemble members M; Training set S = { (m,,
¢), (my,cp) -, (my,ex)sep, e, oy e feg,eyl|sTesting set T

Training phase;
fori=11to M do
Draw (with replacement) a bootstrap sample set S; (N examples) of
the data from S;
Train a classifier C; from S; and add it to the ensemble;
end for
Testing phase ;
for each t in T do
Try all classifiers C,;
Predict the class that receives the highest number of votes;
end for
Boosting th jit— AR 3 4 19 52 U %, Horh AdaBoost”!
JE& Boosting Bk R e 3 A4 0 — A S B B 2 PR,
AdaBoost it i 25~ [] £ 35 AU T 48 L 2640, 431 [l 45 A1)
AR B REA AR Zr— A B, ek A R A A T i 5¢

o B E1EANIE B 73 FAEA BRI O, (A AE T A
& eh X SR TE A 70 R AR A Jr 2R AR U 2R DTk R 3%
FET T — RV A O IR SEM 4 KA e Z R4y 2K s
RN ST , Bie 2% AdaBoost D552 7 AU X 86 4p K dR 2 A e — i
Bk 2 AdaBoost 2k
Input: the number of ensemble members M; Training set S = { (m,,
e), (my,ep) oo, (my,en)s e, ey, ey € feg el
Initialize: each training example weight w; = 1/N (i=1,-,N)
Training phase :
forx =1 toM do
Tran a classifier C, using the current example weights;
compute a weighted error estimate: err, = Y, (w; of all incorrectly
classfied m; )/ 3N | w;
compute a classifier weight: a, =log( (1 —err )/ err, )/2;
for all correctly classified examples m; : w;«<w; e **;
for all incorrectly classified examples m;: w;«—w, e™
normalize the weights w;so that they sum to 1 ;
end for
Testing phase ;
for each t in T do
Try all classifiers C,;
Predict the class that receives the highest sum of weights o, ;
end for
Dietterich'"* §i2 H} 7" —Fh 4 M AL C4. 5 (F L. XA
EHERATH A RN BEHLRY (random tree) o BEALM Y 32 22 AH
SEREHLAL T R TR . HARTE, BERLIY S2Pr 12 C4.5 1)
—MMEURRAS A0S P B R AL R PSR
WP B DR P A>3 R B A5 B HT 20 e fi
JEYE, IR BEPL R — N AR T R X TSR, R
—/NJE AT RETE 22 UG b X AL TR 20, R w sk P R
WAL R
BEHLAEAREE 2 (random forest) " 7E #1451~ CART P ifé
PR T BE AL U PR T3 o A A AR TE RO ] 4, T
HABZ SRS, AT R 474 N W IIZREEAS ) 5, M
B PERAEL, M E m < M ORAELE—A T 5 EAEDUE R,
ZEBIZ DA E . N VNG i LUR] E SR A Y
JrACREE N I IR — 41N 5.4 (B bootstrap SRAE) o Xf T4
— AN BEALERE m DT ISR B, AR IX m AR
TR HE R 577200 X FAREAR A9 20 2R M2 S HL
KA II AT o BEHLARAR 2 A0 7 T HOE BE R, X T4
&R R ARG L
SFEHLARMRAR] (42 , BEHL 725 (8] 3335 (random subspace )
A FAERG 36 A58 I B ATL 125 3P0 P8 1) 7 3k e g s — 1 DR SR AR
P ST LI — R T AR LA AR R 2
~J B, DT 36 Jon Bt BIL 2R PR 5 18R 221 R =2 8] B 2 RE A
Ho' ™! ({3230 0F 78 S , ZEA9 3 B AR D SR B, 35950 4 B L 4t
eI 50% 1) J@ kT ABRAFEL LT B4R L 26 4 o BEAIL T 18] 53
LR AL R R M REARA 2L
Stacking {3 — N ER 4 M AR, Stacking
AIHEZR G 5 )2 50 26 4% level -0 Dy B3 2648, level- 1 Jyon 32
T8 RO I ZRBE L) bootstrap SRR 177 KA1 L SR 5%
B SR 4 R Ty KA m A RN ZREE . Jurk
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AL 55t 3 BREE 5t 4, A IE B e i 20 2R A IR, L
FEIE# 7328 H AR

B (vote) JE— AP AR 45 4 R . BB RIINAL
SRR B o SRR R 7 2RI, 7
DIF R REA B EL , I LAEAG I I B R —
Ko MR EA SR UMK T £5% 5250 , AR T 26
A PO A9 15 AT BB R Al

BT ITER AR, 7T LUK 8 IR0 FAR HoAR 7 A
TILZE ARG, AR AR I A5 51 T T A 20 10 e e i
TR B R K R 2 S s JR ARG, 48 AN [ 1y Jes k41
ARG IE B IP AT 5 73 ARG, 1 H A TR (9 2 73 e e #
AR IR e s LA G, 78 ORI 25 7 ORI A 7326
LR, T L7277 % 5 A i, Bagging Al Boosting
J& TR B A s BEUR AL 125 5] s P g iy £
JEAEA ; Stacking J& T3 JER PR A A B R THE R
O HE LA A 5 LE B IR 1 2 BE L AR AR, 8 5 A N B Bagging
SEMBENL 125 W] AR S

3 ZWRITRERSH

3.1 it

ASCR I SRR 1 iR ) NASA MDP '™ 275
14 NERSE . BT A SCB AT 10 4758 UBGAIE ', BRI 43-4 9250
P RIATEBENLRAE 32 10 43, 5E U0 O VR Rl 2R Il 4k
A JROR AR TR 1OV AR S 2R A8 I B , I 75—
ANIPRIIEAER T 10 DR8I IKA5 ) 10 2R, AT
10 Y10 738 L2, fe 445 5] 100 A4S IE i 3245 51, F- X (H R
NG I ARG L) UER R

N T HCBA R I3 28 A% BRI B o T v fr) R
P25t A SOR N 4 B B 240 - &5 Weka''” %t Bagging , Ada-
BoostM1 |, RandomForest , RandomTree , RandomSubSpace , Stacking
e Vote LRI MAARIEAT HOAL, IF5 1) 5 s 20 3 — 7 26 i
Naive Bayes #F47%f ., F:H' Bagging, AdaBoostM1 £z Random-
SubSpace YR ICAr2EE4E , A SCHY % B Naive Bayes 1F S H 543
e, INITTE 4 M AR BLXT LEAICR . Vote JEH G £ 0 R i
SRV AR SO IO SR o T 00 v i i UL ) J U 4 SR B0 A by L
41254% , £ 45 Naive Bayes, Logistic, LibSVM DL & J48, 4 &K
W A SRS {E . Stacking 19 0 JZ2 /33648 ) Naive Bayes, 1fij
Feor g 44N Naive Bayes , Logistic, LibSVM L) &z J48 . SZE6
ARG 3 bR

TIE3 AL

Input: the MDP datasets, D = { CM1, JMI, KC1, KC2, KC3, KC4,
MCI,MC2,MW1,PC1,PC2, PC3,PC4,PC5 | ;all algorithms, A = | Bag-
ging, AdaBoostingM1, NaiveBayes, Stacking, Vole, RandomForest, Ran-
domTree, RandomSubspace |

Dataset preprocess ;

a) Replacing missing attribute values; Apply ReplaceMissingValues of
Weka to D;

b) Discretizing attribute values; Apply Discretize of Weka to D

10-fold cross validation ;

for each dataset in D do

for each algorithm in A do

Perform 10-fold cross validation
end for
Perform Paired Two-tailed T-test;

end for

Output ;

a) Accuracy and standard deviation of 8 classifiers on 14 datasets;

b) AUC and standard deviation of 8 classifiers on 14 datasets;

¢) The results of Paired Two-tailed T-test.

3.2 iHMMAE

ABE 52 B o TE 2, F50I0 2 Sy T 2 1 R A Bk R Sy T
1EZ& (true positive, TP) 3 SEBR S 1E 28, TN Ay S 26 19 Bk S
W& S22 (false negative, FN) 3 SZB5 [z 28, #0I0 Sy 1F 28 A9
DR IEZE (false positive, FP) s SEFR g 2, BN o f2 26
AR A 1E B [ 25 (true negative, TN) o 4328 HE#i K A accura-
cy(AC) = (TP+TN)/(TP + FP + TN + FN) , A KA
7=V HER 5 AUC, AUC 245 ROC i £ T Il 40 4% )

1L B ROC i £k 9 R4 . AUC BE L E B 1Y 7 X R %
ROC. iy £k %F B2 9 40 25 8 iz Ak e /111 o A SCf 3 10 #7538
S UEAE ) AC (E A AUC 75 2 A B 4 22 18] R 47 E X
XU T R 30, DA AE 58 127 3 S b Lo A b b 42 e 0 1 4k
e B EM,
3.3 IBETAE

N T ARSCIIG I EOR W B R IEAT TR 5 AL

a) BB R R . A Weka HYHE MG E 13 3 &% Replace-
MissingValues K fif £ 44 58 o0 B A (4 B 2 A (25 (8D HEAT 8%
oo BRI , XTS5 B M A U T X T
RUE MR IIE . X T MDP i35, BT 14 K0 5 00 s ok
Y EE R, H I ReplaceMissingValues K¢ Jfr A7 £ 4l 46 r &
FR Bk 2 (R 4 PG HA BT A AR A I P R S

b) BB B ik, FIFH Weka i3k W78 10-bin B8k it
g Discretize ¥ i A U8 & PO (H B3 AL o
34 RBERRHEST

SE I 4 LA 4 MR 1 P ) F B
FERMNAR 2 R, 3R 2 EdE =TT LIS I T 4518

a) Xf k. Bagging , AdaBoostM1 Lf fz Naive Bayes 1] L1 & Hi,
K i Naive Bayes 1 30254517 Bagging F1 AdaBoostM1 X 43
KL R IR = JL P IA TRk, 2N T Bagging J5 1 Naive
Bayes 7E[& T KC4 PC3 L)} PC5 DIAME 11 MR 320
R T, 1m0 T AdaBoostM1 J5 f1) Naive Bayes 7 %%
T MC1 MW1.,PC1 . PC2 DL} PC3 LIS 9 4Kt e b4yt
WA BB . AR Bagging Fl AdaBoostM1 7E 14 M £
B S R R R I T Naive Bayes , (HE2 & AR A IR

b) DA Naive Bayes {F Jy 34325 2% 1 RandomSubSpace 7 4
T MC2 M1 BIASEEE SR DA HoAl 12 RO EE By
R 3 5 Naive Bayes Y47 #2 iy, V- 18 7p B v e 42 i 1
1. 12%

o) X T A R AR F 270 28 HERG 21, RandomFor-
est ,RandomTree ,Stacking % Vote B i {I. T Naive Bayes & HAth
FAY: . Vote BA 5 88. 48% (43 2 MR % , HoY & Ran-
domForest [ 87.90% , AH Lt Ho At 325 , 3 P & 14 0 S af 14 L
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d) Vote 7& 14 DML 7 DN EUHELE EIIHAG 1 Hdlt sy
SRUER AR, B % 5 UK, RandomForest 15 4 N4 -
AT T defle o JE R

e) SCHRUER 1 H 50 £ F 73 2 A8 IO FH T A1 ke B FU 0 RE 45
W TR R R

ASCEXEEA P IEAE R K 4R LAFEI 19 100 1732
HERR AT T TP RCXT A XU T K30, 25 2R U036 3 R H
FEAT T R0 B K2 0. 05 FEGei 248 R 9 5

— I w/t/1 FTREATRI LA w DEHRSE LAY AC X{E %5
AL R S TE ¢ DR EAT SR B 22 e TE | DR
8 BIZATRINE L AC HEGZS R SIEA.

# 1 NASA MDP 14 MEGRAE R HEA(E B

CM1 JMI KCl KC2 KC3 KC4 MCI MC2 MW1 PCl PC2 PC3 PC4 PC5

language C C C++ C++ Java Perl C++ C C C C C C C++

LOC 20k 315k 43k 18k 18k 25k 63k 6k 8k 40k 26k 40k 36k 164k
modules 505 10878 2107 522 458 125 9466 161 403 1107 5589 1563 1458 17186

defective 48 2102 325 105 43 75 68 52 31 76 23 160 178 516

K2 AE 14 ARE BN RIE A AC TIARIESE LUK /%
dataset Bagging AdaBoostM1 Naive Bayes RandomForest RandomTree RandomSubSpace Stacking Vote
CM1 84.15 +4.89 84.32 +5.69 84.58 £4.90 89.11 £2.19 85.01 £4.28 85.58 +4.94 83.49 +£5.56 89.64 £2.30
M1 80.40 +0.91 80.45 +0.88 80.45 +£0.88 79.66 £0.98 75.30 £1.26 80.41 +0.84 79.19 £1.11 81.44 +0.56
KC1 82.44 +2.22 82.50 +2.23 82.50 £2.23 85.47 +1.81 82.85 +2.44 82.77 +2.06 81.41 +2.43 85.62 +1.64
KC2 83.53 +3.47 83.60 +3.41 83.62 £3.42 82.62 £4.22 79.86 £4.86 83.82 +3.37 81.52 +4.28 82.91 +3.38
KC3 84.74 +5.06 84.70 +4.98 84.78 £5.00 89.72 £2.40 87.39 £4.43 85.41 +5.17 85.24 £5.35 89.98 +3.20
KC4 65.81 £11.05 64.48 £10.47 64.48 £10.47 72.81 £11.70 70.14 £12.29 64.88 £10.92 76.58 £10.68 75.38 £11.43
MC1 93.73 +1.12 93.86 +1.38 93.80 +1.02 99.51 £0.13 99.43 £0.21 94.15 £0.99 97.20 =1.12 99.42 £0.13
MC2 73.00 £8.51 73.09 +£9.39 73.62 £8.04 70.39 £10. 10 64.05£12.19 73.31 £8.03 72.12 £9.44 72.57 £7. 14
MW1 83.12 £5.36 87.43 £4.73 83.35+5.25 90.58 £2.75 87.65 +4.48 84.54 £5.13 88.63 £4.03 91.67 £3.07
PC1 89.04 £2.59 89.90 £2.70 89.12 £2.59 93.63 +1.53 91.64 £2.11 89.49 £2.32 88.64 £2.95 93.73 £1.45
PC2 96.73 +1.03 97.13 +0.94 97.11 £0.92 99.56 £0. 10 99.29 +0.23 97.44 +0.80 97.0 £00. 88 99.53 +0.13
PC3 51.00 £11.43 51.45+13.84 48.30 = 10.00 89.83 £1.35 86.01 £2.59 59.22 +10.94 87.01 £2.68 89.12 £1.77
PC4 86.99 +£2.86 86.78 £3.27 87.11 £2.57 90.13 £2.05 87.74 +2.83 87.30 £2.48 87.67 £2.66 90.28 +1.75
PC5 96.51 +0.36 96.44 +0.38 96.44 +0.38 97.54 £0.26 97.08 +0.37 96.58 +0.39 96.01 +0.48 97.46 +0.23
MEAN 82.23 £2.92 82.58 £3.16 82.09 £2.69 87.90 £1.54 85.25 +2.47 83.21 £2.74 85.84 £3.12 88.48 £2.01
3 14 ADHRAE E 8 AR AC (HPTPIRCX BUR T 4556 2 R
algorithm Bagging AdaBoostM1 NaiveBayes RandomForest RandomTree RandomSubSpace Stacking
AdaBoostM1 2/12/0
NaiveBayes 1/13/0 0/13/1
RandomForest 10/3/1 9/4/1 10/3/1
RandomTree 6/6/2 4/1/3 6/6/2 0/6/8
RandomSubSpace 4/10/0 2/12/0 3/11/0 1/3/10 2/7/5
Stacking 4/1/3 3/8/3 4/1/3 0/5/9 1/9/4 4/6/4
Vote 12/2/0 12/2/0 12/2/0 171271 9/5/0 12/2/0 11/3/0
B4 1014 MHURIE EA4 MR AUC RIBRIE: Lo
dataset Bagging AdaBoostM1 NaiveBayes RandomForest RandomTree ~ RandomSubSpace Stacking Vote
CM1 0.77 £0. 11 0.72 +0.10 0.77 £0.10 0.72 +0.13 0.57 £0.10 0.76 £0. 11 0.79 0. 11 0.80 +0.11
M1 0.69 +0.02 0.58 +0.03 0.69 +0.02 0.72 +0.02 0.59 +0.02 0.69 +0.02 0.72 +£0.02 0.73 +0.02
KC1 0.79 £0.04 0.79 +0.04 0.79 £0.04 0.80 +0.05 0.62 +0.06 0.79 £0.03 0.81 +0.04 0.81 +0.04
KC2 0.85 £0.06 0.68 +0.06 0.84 +0.06 0.80 +0.07 0.62 +0.11 0.85 +0.06 0.84 +0.06 0.83 +0.06
KC3 0.82 +0.08 0.75 +0.10 0.83 +0.08 0.80 +0.11 0.61 +0.11 0.82 +0.08 0.80 +0.11 0.80 +0.11
KC4 0.76 £0. 14 0.71 +0. 14 0.78 £0.13 0.80 +0.12 0.70 +0.13 0.77 £0.13 0.83 +0.11 0.83 +0.12
MC1 0.92 +£0.04 0.88 +0.05 0.90 0. 05 0.88 +0.09 0.78 +0.10 0.92 £0.04 0.92 +0.08 0.95 +0.04
MC2 0.72+0.13 0.73 +0.14 0.72 +0.12 0.70 0. 15 0.58 +0.13 0.72+0.13 0.76 0. 14 0.76 0. 14
MW1 0.77 £0. 14 0.75 +0. 14 0.76 0. 14 0.72 +0.15 0.58 +0.13 0.77 £0. 14 0.77 +0.13 0.76 0. 14
PC1 0.76 £0.08 0.72 +0.07 0.75 +0.08 0.81 +0.09 0.67 +0.08 0.74 £0.08 0.82 +0.10 0.85 +0.07
PC2 0.84 +0.14 0.73 +0.17 0.82+0.15 0.64 +0.15 0.51 +0.07 0.87 +0.11 0.78 +0.20 0.87 +0.12
PC3 0.77 £0.07 0.76 £0.07 0.76 £0.07 0.81 +0.06 0.64 +£0.06 0.76 £0.07 0.83 +0.05 0.82 +0.06
PC4 0.84 £0.05 0.80 +0.05 0.84 +0.05 0.92 +0.03 0.71 +0.07 0.83 £0.05 0.93 +0.03 0.92 +0.03
PC5 0.84 +0.03 0.83+0.03 0.83 +0.03 0.95 +0.02 0.73 +0.04 0.94 +0.01 0.96 +0.01 0.96 +0.01
MEAN 0.80 +£0.08 0.75 +0.09 0.79 £0.08 0.79 +£0.09 0.64 +0.09 0.80 +£0.08 0.83 +0.09 0.84 +0.08
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algorithm Bagging AdaBoostM1 NaiveBayes RandomForest RandomTree RandomSubSpace Stacking

AdaBoostM1 0/8/6

NaiveBayes 0/12/2 4/10/0

RandomForest 3/9/2 5/9/0 3/10/1

RandomTree 0/1/13 0/4/10 0/1/13 0/0/14

RandomSubSpace 1/11/2 6/8/0 1/12/1 1/10/3 12/2/0
Stacking 5/9/0 9/5/0 6/8/0 1/13/0 14/0/0 6/8/0
Vote 6/8/0 11/3/0 7/1/0 4/10/0 14/0/0 7/1/0 2/12/0

ZER R SApe
) Vote HILL T30 0200k Nawve Bayes T 12 BE2F, sk

IGEta 0 ok Vote B B EIMEMILH . MiAH L Ran-
domForest T % Vote 53] 1 1 i 12 3¢ 1 RINEER , NGEit 5
b Vote 5 RandomForest 145 i 322 5, X L ECAh 1)
LA, Vote HIBAG B MR, X T Vote PRREM AT 4516
il 2 15BN HY A .

b) RandomForest X LUk Vote [0 Al1 #5550 15 ) A6 36 25 1tk
N, HAERZEBIRE LK) AC WEEA BERE, X458
535 2 18214 T RandomForest [ 4518 AHV) & o

c) Bagging 1% T Naive Bayes ANHIA (Al Ji: L , 17 H.AE
—EHE AR B AC B {H ik B 3 (R T Naive Bayes, Ada-
BoostM1 4% F Naive Bayes {U7E— 444 LW AC {EHE
2T Naive Bayes, BRILZIMNE A BEM 257

AUC AR I 53 A — A HES HETEAN FR UE , 7F 14 45K
PR LA EL N AUC MFRHEZ LR 3R 4 BoR. ALK
B, Vote 78 9 MRS LR34 AUC A E#REUS T e
Kt Vote PERER IR 4T 1Y FE S5 7E AUC $845 EIRIFEAS 3 T 5%
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