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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 distribution in the software can be analyzed by the defect prediction mo-
del, so as to help the software quality assurance team to detect potential software errors and allocate test resources rea-
sonably. However,most of the existing defect prediction methods are based on hand-crafted features such as line of
code,dependency between modules and stack reference depth. These methods do not take into account the potential se-
mantic features of the software source code and may result in poor predictions. To solve the above problems.this paper
applied convolutional neural networks to mine the semantic features implicit in the source code. In the effective mining
of source code semantic features,this paper used three-layer convolutional neural network to extract data abstract fea-
tures. In terms of data imbalance processing, this paper adopted a cost-sensitive method, which gives different weights to
positive and negative examples,and balances the impact of positive and negative examples on model training. In terms of
experimental data sets,this paper selected multiple versions of the eight softwares in the PROMISE defect dataset, tota-
ling 19 projects. In terms of model comparison, this paper compared the proposed cost-sensitive software defect predic-
tion model based on convolutional neural network (CS-TCNN) with logistic regression and deep confidence network re-
spectively. The evaluation metrics contain AUC and MCC, which are widely used in the field of defect prediction re-
search. The experimental results demonstrate that CS-“TCNN can effectively extract the semantic features in the pro-
gram code,and improve the prediction effect of the software defect prediction model.

Keywords Software defect prediction, Convolutional neural network,Semantic feature mining, Cost-sensitive
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Table 1 AST node types recorded in this paper
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ClassCreator

PackageDeclaration, InterfaceDeclaration
ClassDeclaration, ConstructorDeclaration

MethodDeclaration, VariableDeclarator

IfStatement, WhileStatement
DoStatement, ForStatement
AssertStatement, BreakStatement
ContinueStatement, ReturnStatement

ThrowStatement, SynchronizedStatement
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TryStatement, SwitchStatement
BlockStatement, TryResource
CatchClause, CatchClauseParameter
SwitchStatementCase , ForControl

EnhancedForControl

StatementExpression, FormalParameter
BasicType, MemberReference

SuperMemberReference ., Reference Type
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Fig. 1 Process of converting source code into integer vector
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Fig. 2 Schematic diagram of CS-TCNN model
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Table 2 Experimental datasets

KuroiE A - 3 5 4] 4 RER Y
camel 1.2,1.4,1.6 815 22.4
jedit 4.2,4.3 350 17.3
log4j 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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Table 3 AUC results of 5 methods

LES bt R LR DBN CNN TCNN CS-TCNN
Camel—1.2—>Camel—1. 4 0.649 0.638 0.687 0.712 0.695
Camel—1.4—>Camel—1. 6 0.601 0.628 0.645 0.666 0.657

jedit—4. 2— >jedit—4. 3 0.656 0.677 0.614 0.656 0.688
logdj—1.0—>logdj—1.1  0.734 0.702 0.713 0.738  0.741
lucene—2. 0—>>lucene—2. 2 0.634 0.625 0.602 0.628 0.609
lucene—2.2 —>lucene—2.4  0.583 0.617 0.612 0.620 0.635
poi—2.5 —>poi—3.0 0.666 0.623 0.662 0.679 0.696
synapse—1.0 —>>synapse—1.1 0.601 0.601 0.554 0.567 0.625
synapse—1.1 —>>synapse—1.2 0.635 0.692 0.622 0.638 0.670
velocity—1.5 — >velocity—1.6 0,657 0.642 0,700 0.712 0.720
xalan—2. 6 —>xalan—2. 7 0.718 0.687 0.710 0.724 0.736
AVG 0.649 0.648 0.647 0.667 0.679
K45 MIrEy MCC S8 45 R

Table 4 MCC results of 5 methods

% & — >0 & LR DBN CNN TCNN CS-TCNN
Camel—1.2—>Camel—1. 4 0.239 0.233 0.293 0.337 0.307
Camel—1.4—>Camel—1. 6 0.172 0.201 0.309 0.335 0.322

jedit—4. 2— >jedit—4. 3 0.108 0.120 0.122 0.147 0. 149
logdj—1.0—>logdj—1.1  0.468 0.466 0.479 0.498  0.508
lucene—2. 0—>lucene—2. 2 0.265 0.225 0.264 0.274 0.282
lucene—2.2 —>lucene—2.4  0.163 0.238 0.202 0.217 0. 251
poi—2.5 — >poi—3.0 0.327 0.237 0.296 0.331 0. 360
synapse—1.0 —>synapse—1.1 0.192 0.228 0.096 0.113 0.218
synapse—1.1 —>>synapse—1.2 0.261 0.350 0.233 0.250 0.305
velocity—1.5 —>velocity—1.6 0.298 0.273 0.364 0.385 0. 401
xalan—2. 6 —>xalan—2. 7 0.036 0.021 0.037 0.039 0. 040
AVG 0.230 0.236 0.245 0.266 0. 286
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