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Cost-sensitive Convolutional Neural Network Model for Software Defect Prediction

QIU Shao-jian' CAI Zi-yi' LU Lu'

(School of Computer Science and Engineering, South China University of Technology, Guangzhou 510000, China)'
Abstract Machine-learning-based software defect prediction methods are received widely attention from the researchers in the field of
software engineering. The defect prediction model can analyze the defect distribution in the software, so as to help the software quality
assurance team to detect potential software errors and allocate test resources reasonably. However, most current models are based on hand-
crafted features for defect prediction, without considering the potential semantic features in the source code, resulting in poor prediction
performance. To solve this problem, a cost-sensitive three-layer convolutional neural network (CS-TCNN) is constructed. Its purpose is to
mine the semantic features of source code from software and use it in software defect prediction tasks. Cost-sensitive learning method is
also be used to handle the imbalanced problem. By conducting experiments on PROMISE database, the comparison with traditional logistic
regression and deep belief network models shows that CS-TCNN effectively improves the performance of software defect prediction model.
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public class Filel {
public static void main(String[] args) {(
List<Integer> list = new LinkedList<>():
int 1 = 0;
while (i < 10) {
list.add(i); ‘
list.remove (0);
}
)

a. Y5y s

} I WhileStatement I MethodDeclaration I BlockStatement l

b. HESAE A AST o ZRAE [ B B B8 e
— R
o ’ - AST nodes index
l c. ASTEG BN RAE I it WhileStateme 1
MethodDeclaration 2
| BlockStateme 3

SRR RYE S0 E S dh=Aibpor

Fig.1 The process of converting source code into integer vector
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Table 1 The selected AST nodes

Bl i

NN " MethodInvocation
7 %R R A K .

. . SuperMethodInvocation
EHIT

ClassCreator
PackageDeclaration, InterfaceDeclaration
B A ClassDeclaration, ConstructorDeclaration

MethodDeclaration,VariableDeclarator
IfStatement, WhileStatement
DoStatement, ForStatement
AssertStatement,BreakStatement
ContinueStatement,ReturnStatement
NN ThrowStatement, SynchronizedStatement

BRI TryStatement, SwitchStatement
BlockStatement, TryResource
CatchClause, CatchClauseParameter
SwitchStatementCase,ForControl
EnhancedForControl
StatementExpression,FormalParameter
Hib ¥ BasicType, MemberReference
SuperMemberReference, ReferenceType
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Fig. 2 Schematic diagram of CS—TCNN model
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Table 2 Datasets

i B FHEGIE FHAREE
camel 1.2, 1.4, 1.6 815 22. 4%
jedit 4.2, 4.3 350 17.3%
logdj 1.0, 1.1 123 30. 0%
lucene 2.0, 2.2, 2.4 260 56. 0%

poi 2.5, 3.0 352 54. 2%

synapse 1.0, 1.1, 1.2 212 25. 5%

velocity 1.5, 1.6 213 57. 4%
xalan 2.6, 2.7 830 54. 4%
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FEARTC IS, SRAT AUC™ R MoC™™ i A
TE A h B TOUIN 8R4 38 B T2 IR T4 R
SRS AR PERE . AT s SR
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PUANIRAHE S5 SR 1D K B IE AT B ¥ 5 431 4
FNTHERER GBI, TP) 5 I IETHEE
(K12 o3 AT BB ) G4l FP) 3 K ELIEAT
RIS o AN TEBRIER (BB, FND 5
HE TSR R 7 2N TEshIE (LRI, TN .
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B RNAGR, ATLUE USSR (PD) AR
WMER (PF) o PD FRom HAEAT SR 5L 61 5 F
A RIS BRI BCR AT LRI . PR RO IRAE
S5 T T BB S IR AT L R . AT
TS

TP

PD=1p¥FN

_FP
" FP+TN

ROC [R5 —Ah — 4], Frb PD HI7E v B
E, PF2#IFE x B E. ROC &I AT AR Som A
A o 2 IR RAR ST . fEA SO s serh, (HH
ROC #14E FIRIFY (the area under the ROC curve,
AUC) JRPPAH TRMARAL . FRYE ROC I 3L, AL
FHFAT T PD RUE PR AOREAS . Het)igid, B
B i ) AUC A U WA TR BY B 47

& Hr A ¢ A3 (Matthews correlation
coefficient, MCC) JEid % & T AR KA BRI
I AN TR o 000 Sk A TN 45 SR AN EL S g R
FFX R ERREERZ-L 1], K1 &K%
FMIEMR, -1 FRTEEMFAIR. MCC #Z LT
ARIH:

PF

o TP x TN — FP X FN
J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

AR —3RM R, HHAT A BT 7T h 5
Al 2 A R 948 KR (U F-measure ™ fl G-mean™™)
ELEL, AUC A1 MCC B2 & [RIN=Z & 1 TN, HARATX
R EAKBUR, BAE—E M.
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HEAT LA
1) #@HEH (Logistic regression, LR) : 3
T PROMISE Hr#adie rhig i) 20 > F THHMEM 2
Bz AEE S o
2) DBN Jjik: fEIRACAD b FH R B AE M 2%
AR (38 SCRFAE, 0 TG BB 4 m JA 4y
AR I H AT GRIE T . £ESEIL DBN I,

i 5 SOk AR N 4 A S, B 10 AR
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3) ONN J7ik: TEVRAREY LA — BB 4 M
2% (ONN) $i HR S 4 TH000 14 ¥ SCHREAIE 1 R 6 T2 00 7
o FESEIL OW B, [EHEISH T RE T
HNZERIEE BN k, batch K/NA 32, JIZEE
epoch ¥ 15, HBRUZMA/ANS 20, HiA 50,
e 2 B e ) B0 100

4) TCNN J7idi: AP RA = EER M
W& 77, S8R ONWN —3L.

T AFHE, AN DBN, ONN, TCNN #
CS-TONN #&AHAR [F] (B B ) s AL SV N o M
50, BT AST HUfH I &R R &
TE MBSO A 32 ) 5 T B B 1 AN R4y 1 ) R AL 2y
FEIENREE A, Bk, RIR TR AL FRE
PEASF I i, BT CS-TCNN LAAMA (i I FEAS
IERAE (Over—sampling) J7ykiEAT £l wikb 22,
fE CS=TONN JHVEBATIS, &AL 2.3 Bk
BURTT A RIS AR A AL FLBEAT B . BEAD,
H T RE A SRR 7 12 BB R 4 N 2% I G50 e —
SERIBENLIE, PRI Ses rh AN T 34hAT 50 1K,
FHUH P AR R LR (5 H ARk 4
3.4 LWERR I

AR A AUC I MCC AN FEFR A LR, DBN,
CNN, TCNN FI CS-TCNN FLANVELE 11 ZHTRMIAT5%
(T PE REEAT BB, B 3 R 4 ApldsR T
AUC FIMCC HIG5 R, BT RIS SR -

M3 A 4 s OSSR, Toiks2 AUC it
& MCC, £ 11 X H &4, CS-TONN HEAL )%
RRZ HWMITES 47T LR, DBN, CNN Al TCNN.
fEH] CS-TCNN 3 11 LRS- EAT SR TRIN A AUC
(MCC) £ 0.60970. 741 (0.0470.508) [,
SFHIMEN 0.679 (0.286) . “FHI{EET LR, DBN,
CNN, TCNN 23l 7 4. 7% (24.3%) , 4.8%
(21.3%) , 4.9% (16.6%) A1 1.8% (7.4%) ,
B TONN 7E45 & T AN BUR IR R AR 2 €S-
TONN 7E3X 11 Xof BRA iR B TR AT 95 Hh B 4% SE 47 1
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Table 3 The AUC results of 5 methods

*£ 3 AATTVER) AUC IR 25 R

UL+ 3 cS-
ol LR DBN  ONNTOW
Camel-1. 2
e L, 0,649 0.638 0.687 0.712 0.695
Camel-1. 4
el 0.601 0.628 0.645 0.666 0.657
Jedit4.2 0.656 0.677 0.614 0.656 0.688
—>jedit-4.3
log4j-1.0
omtiyy  0-734 0.702 0.713 0.738 0.741
lucene—2.0

0.634 0.625 0.602 0.628 0.609
—>lucene—2. 2
Lucene-2.2 0.583 0.617 0.612 0.62 0.635
—>lucene—2.4
poi-2.5 0.666 0.623 0.662 0.679 0.696
—>poi-3.0
synapse”L.0° g 601 0,601 0.554  0.567 O0.625
—>synapse—1. 1
synapse-L 1 gan 0,692 0.622 0.638 0.670
—>synapse—1. 2
velocity—-1.5
“velocity-  0.657 0.642 0.700 0.712 0.720
1.6
xalan=2.6 0.718 0.687 0.71 0.724 0.736
—>xalan-2. 7
AVG 0.649 0.648 0.647 0.667 0.679

* 4 HAJTIER MCC LR g R

Table 4 The MCC results of 5 methods

UL+ 3 cS-
ol LR DBN O TOW
Camel-1.2
eeell4  0.239 0.233 0.293 0.337 0.307
Camel-1.4
el 0.1720.201 0.309 0.335 0.322
jedit-4.2
Miedicas 0108 012 0.122 0.147 0.149
Logtj-1.0 0.468 0.466 0.479 0.498 0.508
—>logdj-1.1
lucene—2.0

0.265 0.225 0.264 0.274 0.282
—>lucene—2. 2
lucene™2.2- = s 0,938 0.202 0.217 0.251
—>lucene—2.4
poi-2.5 0.327 0.237 0.296 0.331 0.360
—>poi-3.0
synapse™.0° 99 0998 0.096 0.113 0.218
—>synapse—1. 1
syapse L1 ey 0.350 0.233 0.25  0.305
—>synapse—1. 2
velocity—-1.5
“velocity-  0.298 0.273 0.364 0.385 0.401
1.6
xalan—2. 6

0.036 0.021 0.037 0.039 0.040
—>xalan-2. 7
AVG 0.230 0.236 0.245 0.266 0.286
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