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Software defect prediction (SDP) is an important technology which is widely applied to improve software quality and reduce
development costs. It is di�cult to train the SDP model when software to be test only has limited historical data. Cross-project
defect prediction (CPDP) has been proposed to solve this problem by using source project data to train the defect prediction
model. Most of CPDP methods build defect prediction models based on the similarity of feature space or data distance between
di�erent projects. However, when the target project has a small amount of label data, these methods usually do not consider this
part of data information. erefore, when the distribution between source project and target project is quite di�erent, these
methods are di�cult to achieve good prediction performance. To solve this problem, this paper proposes a CPDP method based
on a semisupervised clustering (namely, Tsbagging). Tsbagging has two stages; in the �rst stage, we cluster to the source project
data based on the limited labeled data in the target project and assign di�erent weights to these source project data according to the
clustering results. In the second stage, we use bagging method to train the prediction model based on the weight assigned in the
�rst stage. e experimental results show that the performance achieved by Tsbagging is better than other existing SDP methods.

1. Introduction

SDP is a very important technology in the software testing
stage. It can quickly predict defects and provide guidance for
allocating test resources and manpower in the early stage of
software development [1, 2]. At present, most SDP methods
use machine learning technology to build defect prediction
models [3–5]. For example, Lessmann et al. [6] and Shep-
perd et al. [7] used traditional machine learning algorithms,
such as decision tree, naive Bayes (NB), neural network, and
support vector machine (SVM) to SDP, and achieved good
results. Elish et al. [8] compared 8machine learningmethods
on the NASA dataset, and the results showed that SVM was
better than other algorithms. In addition, researchers also
improved the traditional machine learning methods based
on the characteristics of SDP. For example, Wang et al. [9]
proposed a Compressed C4.5 Models (CCM) based on C4.5
decision tree by using Spearman rank correlation coe�cient.
Ji et al. [10] applied the Kolmogorov–Smirnov test on the

datasets from the promise database and found that feature
space of those datasets was not normally distributed.
erefore, they improved the NB and proposed an SDP
method based on kernel density estimation. Moreover, Ji
et al. [11] proposed a weighted naive Bayes method (WNB).
WNB used the information di�usion model instead of the
default probability density function of normal distribution
to calculate the probability density of each feature. is
method also achieved good performance. Li et al. [12]
proposed CoForest and ACoForest. CoForest is a sampling
method based on semisupervised learning. On the basis of
random forest classi�cation, this method can �nd optimal
sampling example by random sampling. ACoForest further
enhanced the prediction performance of CoForest base on
active learning. Studies demonstrated that these two
methods showed better performance than other traditional
machine learning methods. Bejjanki et al. [13] proposed a
new class imbalance reduction algorithm (CIR) for the class
imbalance problem in defect prediction dataset.is method
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made the defect data and nondefect data in unbalanced
dataset symmetrical by considering the distribution char-
acteristics of the unbalanced dataset. Experiments showed
that CIR has better defect prediction performance than
traditional methods.

Most of the above research studies have focused on within
project defect prediction (WPDP). However, sometimes, few
local training data can be available in the target software in
which defects must be detected, because past local defective
modules are expensive to be labeled for the module devel-
opment in an unfamiliar domain [4, 14]. To solve this problem,
the CPDP method used the source project data training model
to predict defects in the target project. Zimmermann et al. [15]
constructed 622 cross-project task combinations from 12
projects to evaluate CPDP model performance. *e experi-
mental results showed that traditional defect prediction
methods have difficulty to achieving good CPDP performance.
It is because that these methods assumed that the training and
test data have similar distributions, whereas data from different
projects have different distributions. Ma et al. [16] assigned
different weights to the data in the source project by calculating
the similarity between those data and the target project and
then trained a weighted Bayes classifier (namely, TNB)
according to these weights. Nam et al. [17] proposed the TCA+,
TCA+used the transfer component analysis technology to find
the potential feature space of different project data, when the
potential space is determined, and it mapped the source project
and target project to the space to eliminate the difference of
feature distribution between different projects. Turhan et al.
[18] proposed a CPDP method based on nearest neighbors
(namely NN). NN constructed a training dataset by selecting
nearest neighbors with target project data in source project and
use the training dataset to train the defect prediction model.
Kawata et al. [19] proposed a CPDP method based on
DBSCAN [20], they use DBSCAN to find subclusters and then
select subclusters which have at least one record of the target
project data to build and train the dataset. Ryu et al. [21]
proposed a CPDP method (VCB+SVM). Firstly, VCB+SVM
calculates the similarity weight of each instance in the source
project based on the dataset of the target project and then
constructs the defect prediction model based on the support
vector machine and boosting method. Chen et al. [22] pro-
posed a CPDP method collective transfer defect prediction
(CTDP) based on multisource transfer learning. Firstly, CTDP
extended the source project dataset by using different nor-
malization and TCA.*en, they built several base classifiers on
the extended source project dataset. According to the contri-
bution of each classifier to the target project, CTDP uses the
particle swarm optimization algorithm to adaptively weight
these base classifiers to construct an ensemble classifier. Finally,
CTDP uses the ensemble classifier to predict defect. He et al.
[23] proposed a CPDP method on multisource transfer
learning (FSS+bagging). FSS+bagging has three steps. Firstly,
FSS+bagging calculated the similarity between the candidate
source project and target project and selected the first k most
similar source project. Next, for each source project which be
selected, FSS+bagging removed some unstable features to
reduce the data distribution difference between source project
and target project. Finally, FSS+bagging used bagging to get

the final defect prediction results. To solve the class imbalance
in CPDP, Limsettho et al. [24] proposed a new oversampling
method CDE-SMOTE, which used CDE to estimate the class
distribution of the target project and uses SMOTE to modify
the class distribution of training data until it is similar to the
distribution of target project. Although the above methods
have achieved good performance in CPDP, most of them build
CPDP models based on the similarity of feature space or data
distance between source project and target project. However,
when the target project has limited labeled data, those methods
often do not take into account this part of label information.
Turhan et al. [25] found that mixing a limit of target project
data and source project data which are selected by the NN
method to train classifier can significantly improve the per-
formance of CPDP. However, this method also does not
consider the limited label information when selecting the
source project data. *erefore, when the data distribution
between the target project and the source project was very
different (especially, when concept shift occurs), those method
are difficult to achieve good performance. Chen et al. [26]
propose a two-stage transfer learning method, double transfer
boosting (DTB), to solve this problem. In the first stage, DTB
uses the data gravitation method proposed by Ma et al. [16] to
assign weights to the source project data; in the second stage,
DTB uses Tradaboost [27] to build classifier based on the
weight assigned in the first stage. However, DTB does not
consider the impact of concept shift when assigning weights,
which affects the final defect prediction performance. *is
paper proposes a CPDP method based on semisupervised
clustering (namely, Tsbagging). In Tsbagging, we firstly pro-
posed a semisupervised clustering algorithm (namely,
TSCluster) to clustering the source project data based on
limited target project data. Next, we trained several base
classifiers based on the clustering results and integrated these
classifiers by bagging to predict defect. We compare the per-
formance of Tsbagging with other SDP methods on 42 defect
prediction datasets.*e experimental results show that
Tsbagging has better performance than other methods.

2. Methodology

2.1.NearestNeighbor Filter. Since the CPDPmethod can use
source project data to help train the defect prediction model
when target project only has limited software historical data,
it has always been the research focus in the field of SDP.
However, an important problem in CPDP is how to select
data similar to target project from source project. *e NN
(nearest neighbor filter) is a commonly used technology for
selecting data from source project [18, 25]. *e specific steps
are as follows: firstly, for each data in the target project, NN
select K-nearest neighbors of it from the source project
based on the Euclidean distance. If there are n data in the
target project, the number of finally selected nearest
neighbors is k× n. *en, NN removes duplicate data in the
selected nearest neighbor data to build the final train dataset.
Finally, NN uses the final train dataset to train the SDP
model. Moreover, Turhan found that the NN+WP (WP
means within project) which is trained by the limited target
data and source data selected by NN can achieve better
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performance than NN. However, both NN and NN+WP
only select data in the source project based on the similarity
between the data distances of di�erent projects. When the
data distribution between target project and source project is
very di�erent, especially in the case of concept shift, it is
di�cult for NN to accurately select the data similar to the
target project from the source project.

2.2. Concept Shift. Concept shift is also called concept drift
[28]. According to Moreno-Torres’s theory [28], the concept
shift is de�ned as: PS(x) =PT(x), PS(y | x) and PT(y | x) are
di�erent. Where PS(y | x) and PT(y | x) represent the poste-
riori probabilities in the source project and the target
project, respectively. PS(x) and PT(x) represent the marginal
distribution of source and target projects, respectively.
Moreno-Torres considers that nonstationary environments
can lead to concept shift, and the relationship between the
input and class variables has changes. Kanayake at al. [29]
�nds the concept shift can occur in SDP and inªuence the
defect prediction quality. In CPDP, di�erent development
environments or application �elds can lead to the concept
shift. When concept shift occurs, due to PS(y | x) and PT(y | x)
are di�erent, even if the distance between source project data
and target project data is close, their label maybe very
di�erent. erefore, when the concept shift occurs, the NN
method is di�cult to accurately select the appropriate data
from source project. As shown in Figure 1, all data are
distributed in four areas A, B, C, and D, in which circular
points represent nondefect data, triangular points represent
defect data, red points represent target project data, and blue
points represent source project data. As a result of concept
shift, it is found that the target project’s label is di�erent to its
nearest neighbors in areas A and D. If NN is used to select
data from the source project, the data with large di�erence
from the distribution of the target project will be selected.

2.3. Semisupervised Clustering. Semisupervised clustering
can use additional information to achieve better clustering
performance than unsupervised clustering. At present, there
are mainly two types of semisupervised clustering methods.
One is based on connected and unconnected constraints.
e connected constraints means the data belong to the
same cluster, and the unconnected constraints means the
data do not belong to the same cluster. For example,
Wagsta� et al. [30] proposed the constrained k-means al-
gorithm. is algorithm assigns appropriate clusters to each
data by checking whether the data violate the given con-
nected and unconnected constraint pairs in the clustering
process of k-means. e other type of the semisupervised
clustering method is based on the given cluster label in-
formation. is method helps clustering by taking the given
cluster label as a constraint seed. For example, Bsau et al. [31]
proposed the constrained seed k-means method, and this
method initializes the cluster center of k-means according to
the given cluster label information and did not change the
cluster membership relationship of seed samples in the
clustering. In this paper, we use a limit of target project data
as constraint seeds to cluster the source project data selected

by the NN method and exclude the data with large di�er-
ences with the target project data for achieving better
prediction performance.

3. Tsbagging

In this section, we propose a CPDPmethod, namely Tsbagging.
Tsbagging mainly consists of clustering stage and ensemble
stage. In the clustering stage, we propose a semisupervised
method (TSCluster) to clustering the data of the source project
and assign di�erent weights to these data according to the
clustering results. In the ensemble stage, based on the weights
given in the clustering stage, we use bagging [32] to train several
classi�ers and integrate them to predict the defect. In the
following sections, we describe Tsbagging in details.

3.1. Problem Description. In this paper, we de�ne three sets:
DS � (xSi , . . . , ySi )|i � 1, 2, . . . , Sn{ }, DWP � (xWC

j , yWC
j )|j �{

1, 2, . . . ,Wn}, and DTest � (xTestt )|t � 1, 2, . . . , Tn{ }, where
DS represents the source project dataset,DWP represents the
labeled dataset in the target project (WP means within
project), and DTest represents the dataset to be tested in the
target project. Note that the data from Dtest andDWP belong
to the same distribution, while DS belongs to di�erent
distribution from Dtest and DWC. xSi , xWC

j , and xTestt are m-
dimensional vectors. Each dimension in the vector repre-
sents a measured value of a metric to a program module. ySi
and yWC

j ∈ {−1, 1}, −1 represents that a module is a nondefect
proneness module, 1 means that a module is a defect
proneness module, Sn, Wn, and Tn represent the data
amount of DS, DWP, and DTest, respectively, and Wn ≪ Tn.

3.2. Overall Flow of Tsbagging. e overall process of
Tsbagging is shown in Figure 2. Tsbagging consists of
clustering stage and ensemble stage. In the clustering stage,
�rstly, we use the NN �lter to select the candidate dataset
(namely, FCCData) from DS, and then we propose a two-
step clustering method. In the �rst clustering, we use the
k-means to cluster the data from di�erent class in DWP,
respectively, so that in the �nal clustering result, the data in

A

B

C

D

Figure 1: Schematic diagram of concept shift.
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each cluster belong to the same class, and this class label is
regarded as the cluster label. For example, in Figure 2, the
result of the �rst cluster contains six clusters. A red circle
indicates that all the data in the cluster are defective data,
and a green circle indicates that all the data in the cluster
are nondefective data. In the second clustering, we use the
semisupervised method based on the given clustering label
information to cluster FCCData. In this clustering process,
we take the clusters gathered by the �rst clustering as
constraint seed, and we do not change the cluster mem-
bership of data from DWP in this cluster. For example, in
Figure 2, there are still six clusters in the second result.
After the second clustering, we assign weights to data in
each cluster based on the clustering hypothesis to build
the �nal training dataset (namely, CCTrainData). e
clustering hypothesis is that if all data in the dataset obey
the same distribution, data from same cluster are more
likely to have the same label. Conversely, if the label of
data from the same cluster is di�erent, they do not obey
the same distribution. So, the idea of assign weight as
follows: in each cluster, if the label of a data fromDS is the
same as the cluster label, we believe that the data obey the
clustering hypothesis; that is, the data may obey the data
distribution of the target project, so we give the data a
higher weight. If the label of the data DS is di�erent from
the cluster label, we believe that the data violate the
clustering hypothesis. It means that the data may not
obey the data distribution of the target project, so the data
are given a lower weight. When all the data from DS
are given weights, we use the bagging method to train
the �nal classi�er from CCTrainData to predict Dtest. We
will describe the algorithm in detail in the following
section.

3.3. Clustering Stage. e clustering stage has two steps. In
the �rst step, we use the NN method to select the candidate
dataset (FCCData). In the second step, we use TSCluster
proposed to clustering FCCData and assgin weights to the
data in FCCData according to the clustering results.e ªow
of TSCluster is shown in algorithm 1.

TSCluster has two clustering processes. In the �rst
clustering, we cluster to the defect data and nondefect data in
DWP, respectively, and construct the initial cluster seed of the
second clustering processes according to the clustering re-
sults. Speci�cally, we �rst select defect dataset and nondefect
dataset from DWP, repectively. Next, we use k-means
method to clustering these datasets to build a defect cluster
set and nondefect cluster set (where defect cluster set has pk
clusters and nondefect cluster set has nk clusters). en, this
two cluster sets are merged to built the initial cluster seed
(namely, InitClusterSet) for semisupervised clustering. e
speci�c process is shown in algorithm 2.

In the second clustering, based on the idea that is similar
to constrained k-means [31], we use the InitClusterSet
constructed by the �rst clustering as a constraint seed to
clustering the FCCData dataset. Speci�cally, in each iteration
of the clustering process, we use InitClusterSet to initialize
the new cluster set and then calculate the distance between
FCCData’s data and each cluster center; then, we assign data
to the nearest cluster. It is worth noting that in this process,
we do not change the cluster membership of the data from
DWP. When all FCCData’s data are assigned, we update the
centers of all clusters; if all cluster centers are not updated,
the clustering is terminated and the �nal cluster set (�nal-
ClusterSet) is obtained.

After two clustering, we assign di�erent weights to the
data in each cluster. e speci�c steps are as follows: �rstly,

DTest DS FCCData

DWP

CCTrain
Data

classifier

Clustering stage

Ensemble stage

trainpredict

Assign
weightNN filter

first clustering

second clustering

bulit candidate dataset
bulit train

dataset

Figure 2: Overall ªow of Tsbagging.
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for the the jth cluster in final cluster set (finalClusterSet[j]),
we label a cluster label (namely, Clusterlabel), and set
Clusterlabel is yinit, where (xinityinit) ∈ InitClusterSet[j];
then, according to the clustering assumption (i.e., data in the
same cluster are more likely to have the same label), we
assign higher weight to data which label is the same as
Clusterlabel and assign lower weight to data which label is
different from Clusterlabel. *e specific calculation formula
is as follows:

wij �

ϵ ∗ log
1

dis xi, uj 
⎛⎝ ⎞⎠ + e⎛⎝ ⎞⎠yi � clusterlabel,

1
ϵ ∗ log 1/dis xi, uj   + e 

yi ≠ clusterlabel,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(1)
where (xi, yi) ∈ finalClusterSet[j] ∩ FCCData, uj is the
cluster center of finalClusterSet[j], and dis(.) is the Euclidean
distance between xi and uj, ϵ is an amplification factor, and

in this paper, ϵ= 2. In equation (1), the weight of data with
the same label as Clusterlabel is higher than the weight of
data with different label to Clusterlabel. For data (xiyi),
when yi = Clusterlabel, it is closer to the cluster center, it
is more likely obey the data distribution of target project;
therefore, the weight of data is higher. On the other hand,
when yi ≠ Clusterlabel, it is closer to the cluster center, the
data are less likely to obey the data distribution of target
project; therefore, the weight of data is lower. After all
data have been assigned weight, we add these data to a
final training dataset (namely, CCTrainData), and then in
the ensemble stage, we use CCTrainData to train the
classifier.

3.4. Ensemble Stage. In the ensemble stage, we use the
bagging method to train several classifiers (in this paper,
we use NB as a classifier) and integrate these classifiers to
predict the target data. Firstly, we sample data from
CCTrainData to built several datasets according to the
weight assigned in the clustering stage. It should be noted

Input: rep, pk,nk,FCCData DWP, ϵ
Output: CCTrainData
//*e first clustering to construct the initial cluster set
InitClusterSet� FristCluser(pk, nk, Dwp);
//*e second clustering
finalClusterSet� [];
for i in range(1,InitClusterSet.length) do
finalClusterSet.add(InitClusterSet[i]);

for q in range(1,rep) do //rep is the number of cluster iterations
nowClustersSet� [];
for i in range(1,InitClusterSet.length) do //Initialize cluster seed according to InitClusterSet
nowClustersSet.add(InitClusterSet[i]);

for (xi, yi) ∈ FCCData do
Calculatethe distance between (xiyi) and the mean uj of finalClusterSet[j](1 < j< InitClusterSet.length): dij � ‖xi − uj‖2;
Find the cluster closest to (xiyi)according to dij:

ti � argmin
ti∈ 1,2,...,InitclusterSet.length{ }

dij;

nowClustersSet [ti].add((xi, yi));
if the mean value uj of finalClusterSet[j] is equal to the mean value now uj of nowClustersSet[j] then //Stopping condition
break;

finalClusterset�nowClustersSet;
//Set label
finalClusterSet[j].Clusterlabel� yinit,where, (1 < j< InitClusterSet.length), (xinityinit) ∈ InitClusterSet[j];
//Assign weight
CCTrainData� [];
for j in range(1,InitClusterSet.length) do
for (xiyi) ∈ finalClusterSet[j] do
if (xiyi) ∈ FCCData then

wij � ϵ∗ log((1/dis(xi, uj))+e);
if yi � � finalClusterSet[j].Clusterlabel then

Xi.weight� wij;
else

Xi.weight� 1/ wij;
CCTrainData.add((xiyi));

return CCTrainData;

ALGORITHM 1: TSCluster.
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that a data with a higher weight mean a higher probability
of it be sampled. Each dataset has CClen data. CClen is the
amount of data in CCTrainData. *en, we combine these
datasets with DWP to train the base classifiers, and add
these base classifiers to a classifier set (Classifierpool).
Finally, when all classifiers are trained, we use the plurality
voting to ensemble all base classifiers in the Classifierpool
to predict the data in the DTest. *e specific ensemble
method is as follows:

H(x) � C
argmax

j


Classifiersize

i�1
I hi xTest

t( )�Cj( 
,

(2)

where Cj is the predicted label, and its value is C0 = 1 or C1 = 1
Classifiersize is the amount of all base classifiers in the Clas-
sifierpool. When the classifier classifies x as cj, hi (x) is the
prediction function of the ith classifier, hi (x)∈ {−1, 1}, I(x)is an
indicator when x is true, and I (x) = 1, otherwise I(x) = 0. *e
overall process of Tsbagging is shown in algorithm 3.

4. Experiment

In this section, we describe three experiments we conducted
to verify the performance of Tsbagging.

4.1. Datasets. In this experiment, we use seven projects in
the public database promise [33] to build cross-project
defect prediction datasets. *e detailed description of
these datasets is shown in Table 1. Each dataset in these
datasets represents the test results of a program module,
which contains 20 attributes and one label. *e detailed
description of these attributes is shown in Table 2 [34].
*e label values are −1 and 1.1 represents defective
module, and −1 represents nondefective module. Similar
to reference [35–37], in each experiment, we select two
different datasets from the seven datasets, and one of
which is used as the target project and the other as the
source project to build the CPDP experimental dataset
(for example, we use poi-2.0 as the target project and
synapse-1.2 as the source project); therefore, we have
created 42 experimental datasets.

4.2. Performance Measures. In this paper, we use F1-
measure, MCC, g-measure, and balance [36, 38–40] to
evaluate the performance of defect prediction. *ese
performance measures are calculated from the confusion
matrix shown in Table 3, where TP means true defect, FP
means false defect, FN means false nondefect, and TN
means true nondefect.

Input: DS, DWP, DTest, ϵ,rep,pk,nk,Classifiersize
Classifierpool� [];
//Using NN to select the candidate dataset
FCCData�NN (DTestDS);
//Clustering stage
CCTrainData�TSCluster(rep, pk,nk,FCCData, DWP);
//Ensemble stage
for i in range(1,classifiersize) do
TrainDatai � DWP + resampleWithWeights (CCTrainData);
Classifieri �Train (TrainDatai)//train the classifier;
Classifierpool.add (Classifieri);

Use equation (2) to predict the defects of DTest.

ALGORITHM 3: Tsbagging.

Input: pk,nk, DWP
Output: InitClusterSet
DefectDataset� SelectDefectData(DWP)//Selectdefect data;
NonDefectDataset� SelectNonDefectData(DWP)//Select non defect data;
if pk > DefectDataset.size then
pk�DefectData.size;

if nk > NonDefectDataset.size then
nk�NonDefectData.size;

//Use kmeans to clustering the DefectDataset and NonDefectDataset
DefectClusterSet�Kmeans(pk,DefectData);
NonDefectClusterSet�Kmeans(nk,NonDefectData);
InitClusterSet�DefectClusterSet +NonDefectClusterSet;
Remove the empty cluster in InitClusterSet;
Return InitClusterSet:

ALGORITHM 2: FristCluser.
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Recall is a measure of completeness, describing proba-
bilities of true defective modules in comparison with the
total number of defective modules:

recall �
TP

TP + FN
. (3)

Precision is a measure of exactness, which defines the
probabilities of the presence of modules that are truly

defective from the number of modules predicted to be
defective:

Precision �
TP

TP + FP
. (4)

PF shows the proportion of all the modules without
defects predicted to be defective:

Table 1: Details of the experiment dataset.

Project Module Defect-prone module Defect-prone (%)
Poi-2.0 314 37 12
Synapse-1.2 256 86 34
Ant-1.6 351 92 26
Camel-1.2 608 216 36
log4j-1.1 109 37 34
Jedit-4.0 306 75 25
Xerces-1.2 440 71 16

Table 2: Attribute description.

Attribute
wmc Weighted methods per class
dit Depth of inheritance tree
noc Number of children
rfc Response for a class
lcom Lack of cohesion in methods
lcom3 Normalized version of LCOM
npm Number of public methods
Loc Lines of code
dam Data access metric
moa Measure of aggregation
mfa Measure of function abstraction
cam Cohesion among methods of class
ic Inheritance coupling
amc Average method complexity
Ca Afferent couplings
ce Efferent couplings
max_cc Maximum values of methods in the same class
avg_cc Mean values of methods in the same class of methods in a given class
cbm Coupling between methods
cbo Coupling between object classes

Table 3: Obfuscation matrix.

Actual
Defect Nondefect

Predicted Defect TP FP
Nondefect FN TN

Scientific Programming 7



PF �
FP

FP + TN
. (5)

F1-measure is the harmonic average of recall and pre-
cision. An algorithm with a higher F1-measure value
(namely, F1 value) implies a better performance as

F1 �
2∗ recall∗ Precision
recall + Precision

. (6)

Matthews correlation coefficient (MCC) can take into
account the measurement of TP, FP, TN, and TN in a more
comprehensive way. Its range of values is between [−1, 1],
where 1 denotes a perfect prediction, and −1 indicates
complete disagreement between actual and predicted values.
*emore the values are means the better the performance of
the classifier will be:

MCC �
TP∗TN − FN∗ FP

�����������������������������������
(TP + FN)(TP + FP)(FN + TN)(FP + TN)

 . (7)

G-measure [14] is the harmonic average of recall and
(1–PF). An algorithm with a higher g-measure value implies
a better performance as

g − measure �
2∗Recall∗ (1 − PF)

Recall +(1 − PF)
. (8)

*e measure Balance is introduced by calculating the
Euclidean distance from the real (recall, PF) point to (1, 0),
since the point (recall = 1, PF = 0) is the optimal point where
all defects are detected without missing:

Balance � 1 −

��������������������

(0 − PF)
2

+ (1 − Recall)2


�
2

√ . (9)

4.3. Experimental Design. In this section, we design exper-
iments to verify the performance of Tsbaging in the fol-
lowing four questions:

RQ1. Can Tsbagging effectively overcome the impact of
different data distributions between different projects,
so as to obtain better prediction performance compared
with traditional defect prediction methods?
To research this question, we compare Tsbagging with
other traditional SDP methods and calculate their F1-
measure, MCC, g-measure, and balance values. It is
worth noting that the traditional SDP methods do not
take into account the impact of data distribution dif-
ferences between source project and target project
when training prediction models. If the performance of
Tsbagging is better than other traditional SDPmethods,
Tsbagging can effectively overcome the impact of dif-
ferent data distributions between different projects.
Specifically, we compare Tsbagging with Naive
Bayesian (NB) [18], NB+WP, and adaboost [41], where
adaboost and NB only use DS to train prediction
models, and Tsbagging, NB+WP useDS andDWP data
to train prediction models, where the amount ofDWP is
10%, 15%, and 25% of the target project data,
respectively.

RQ2. Can Tsbagging achieve better prediction per-
formance than other CPDP methods?
In order to research this question, we compare
Tsbagging with other CPDP methods and calculate
their F1-measure, MCC, g-measure, and balance
values. Specifically, we compare Tsbagging with NN,
DBSCAN filter [19], VCB+ SVM [21], NN+WP, and
DTB, in which NN, DBSCAN filter, and VCB+ SVM
only useDS data to train prediction models , Tsbagging,
DTB [26], and NN+WP [25] use DS and DWP data to
train prediction models, where the amount of DWP is
also 10%, 15%, and 25% of the target project data,
respectively. It is worth noting that NN, DBSCANfilter,
VCB+ SVM, and NN+WP do not take into account
the impact of concept shift, and DTB also do not take
into account the impact of concept shift when it assigns
weights. If the performance of Tsbagging is better than
other CPDP methods, Tsbagging can effectively over-
come the impact of concept shift.
RQ3. Are the experimental results of RQ1 and RQ2
statistically significant?
Similar to the literature [39, 40], this paper uses the
hypothesis test to statistically analyze the experimental
results of RQ1 and RQ2, so as to verify whether the
conclusions are statistically significant. Specifically, we
use the Wilcoxon rank sum test to judge whether the
experimental results of Tsbagging have significant dif-
ferences compad with other methods. In this section,
experiments are carried out on 42 datasets and 10 times
are repeated on each dataset. *erefore, this paper will
make statistical analysis on these 420 data points. *e
confidence level used by the Wilcoxon rank sum test is
0.05. Moreover, we use the box plot to display the
distribution of those 420 points in more detail. *e box
plot has five numerical aspects: minimum, lower
quartile, median, upper quartile, and maximum, and it
is often used in SDP experiments [42–44].

RQ4. How do we determine the number of clusters
(i.e., nk and pk) for Tsbagging?

In order to study this problem, we will measure the
prediction performance of Tsbagging under different nk and
pk , then we find out the reasonable value range of nk and pk.
Specifically, we calculate F1-measure, MCC, g-measure, and
balance of Tsbagging under nk = pk = 3, 5, 7, and 10, re-
spectively. Tsbgging also uses 10%, 15%, and 25% of the
target project data, respectively.

It should be noted that in each experiment, we randomly
take 10%, 15%, and 25% of the data from target data as DWP
and the remaining data as DTest. We repeat 10 times ex-
periments on each dataset and take the average value of these
10 times experiments as the final result. In addition, as
suggested by Turhan et al. [18], we replace all numeric values
with a “log-filter”, i.e.,Nwith ln(N). *is spreads out skewed
curves more evenly across the space from the minimum to
maximum values.*is “spreading” can significantly improve
the effectiveness of data mining, as the distribution of log-
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filtered feature values fits better to the normal distribution
assumption [47]. In this experiment, all methods are
implemented by the famous machine learning framework
Weka3.9 [45] and the running environment of experiment is
Java 11 and Windows 10. *e parameter settings of each
method are shown in Table 4.

5. Experimental Results

In this section, we answer the four research questions
proposed.

5.1. Results for RQ1. In order to answer RQ1, we calculated
the prediction performance of Tsbagging and other SDP
methods on different DWP. *e experimental results are
shown in Tables 5–7. From the experimental results, it can
be seen that NB and Adaboost only use the source project
data to train the prediction model, so they are difficult to
achieve good prediction performance. NB+WP uses a limit
of target project data during training. *erefore, the per-
formance of NB+WP is better than NB and Adaboost.
However, NB+WP still does not take into account the
impact of distribution differences between different projects,
so the performance of NB+WP is still lower than that of
Tsbagging. Moreover, on the 10% target project dataset, the
largest increases of F1, MCC, g-measure, and balance are
18.5%, 52.7%, 24.5%, and 13.5%, respectively. On the 15%
target project dataset, the largest increases of F1, MCC,
g-measure, and balance are 21.6%, 59.6%, 25.6%, and 14.1%,
respectively. On the 25% target project dataset, the largest
increases of F1, MCC, g-measure, and balance are 24%,
71.4%, 26.7%, and 15.2%, respectively. In summary, the
Tsbagging can use the TScluster method to find out the data
which obey the distribution of the target project, so as to
effectively overcome the impact caused by the difference of
data distribution between projects and achieve better pre-
diction performance.

5.2. Results for RQ2. In order to answer RQ2, we compare
Tsbagging with other CPDP methods and calculate their F1,
MCC, g-measure, and balance on different datasets. *e
experimental results are shown in Tables 8–10. *e exper-
imental results show that due to NN, DBSCAN filter, and
VCB+ SVM only useDS to train the prediction model, when
the distribution of source project and target project is quite
different, especially it occurs concept shift, NN, DBSCAN
filter, and VCB+ SVM are difficult to achieve good pre-
diction performance, even DBSCAN filter and VCB+ SVM
have negative transfer [46](that is, the CPDP method’s
prediction performance is lower than the traditional SDP
methods). DTB and NN+WP use a limit of target project
data to training the prediction model, so their performance
are better than NN, DBSCAN filter, and VCB+ SVM.
However, NN+WP and DTB also do not consider the
impact of concept shift when selectingDS data and assigning

weights, so their F1, MCC, g-measure, and balance are lower
than Tsbagging. Moreover, on the 10% target project dataset,
the largest increases of F1, MCC, g-measure, and balance are
23.2%, 60.6%, 26.4%, and 18.6%, respectively. On the 15%
target project dataset, the largest increases of F1, MCC,
g-measure, and balance are 26.6%, 74.1%, 36.1%, and 19%,
respectively. On the 25% target project dataset, the largest
increases of F1, MCC, g-measure, and balance are 28.6%,
84.4%, 38%, and 20.3%, respectively. In summary, Tsbagging
can overcome the impact of concept shift using semi-
supervised clustering to achieve better performance than
other CPDP methods.

5.3. Results for RQ3. In order to verify whether the exper-
imental results of RQ1 and RQ2 are statistically significant,
this paper uses the Wilcoxon rank sum test and box plot to
statistically analyze all experimental results. Tables 11−13
show the p values on different datasets. *e experimental
results show that the p values of the four performance
measures on all datasets are lower than 0.05 compared with
other defect prediction methods. *erefore, it shows that
the prediction results of Tsbagging are statistically signif-
icantly different from those of other methods. On the other
hand, the box plot of performance measures is shown on
each dataset. From Figures 3–14, we can see that the median
and lower quartile of MCC, g-measure, and balance are
higher than all of other methods, and the median and lower
quartile of F1 are higher than most of the other methods
(the median values of DTB and Tsbagging are roughly the
same level, but the lower quartile of Tsbagging is signifi-
cantly higher than that of DTB). *erefore, it can be seen
that the prediction performance of Tsbagging is better than
other defect prediction methods. In conclusion, the ex-
perimental results of RQ1 and RQ2 are statistically
significant.

5.4. Results for RQ4. In order to answer RQ4, we calculate
F1, MCC, g-measure, and balance values of Tsbagging
under different nk and pk, where the value range of nk and
pk is 3, 5, 7, and 10. *e experimental results are shown in
Table 14 and Figure 15–17. *e Y-axis and X-axis of
Figures 15–17, represent a performance index and its
corresponding value, respectively. From the experimental
results, it can be seen that the prediction performance of
Tsbagging does not change significantly in different nk and
pk, and they are better than other methods. *erefore, it is
reasonable to take 3, 5, 7, and 10 for nk and pk at the same
time for Tsbagging.

6. Validity Threats

6.1. Internal Validity. We compared our method with other
SDP methods.To avoid the potential faults as much as
possible during the implementation process of the
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experiment, we implement these models based on the Java
machine learning library Weka.

6.2. External Validity. External validity refers to the degree
to generalize the research results to other situations. *e
most commonly used promise dataset in the cross-project
defect prediction research is selected as the experimental
data to ensure that the experimental results have certain

representative significance. At the same time, the prediction
performance is evaluated in terms of four well-known
performance measures (i.e., F1-measure, g-measure, bal-
ance, and MCC) to ensure the generality of the experiment.

6.3. Statistical Validity. In this paper, we use the Wilcoxon
rank sum test to statistically analyze the experimental results.*e
Wilcoxon rank sum test is a nonparametric test. It has no

Table 4: Parameter setting of each method.

Algorithm Parameter
Adaboost *e number of iterations is 20, and the basic classifier is NB.
NN *e number of K-nearest neighbors is 10, and NB is used as the basic classifier.
DBSCAN filter *e number of minimum records was set to 10, and the distance is set to 10
VCB+ SVM *e number of iterations is 5

Tsbagging ϵ � 2. *e number of clustering iterations is 100, pk� 5, nk� 5,
classifiersize� 20, and the base classifier is NB

DTB *e number of iterations is 20, and the base classifier is NB

Table 7: Tsbagging compare with other SDP methods on 25% target data.

Performance NB Adaboost NB+WP Tsbagging
F1 0.37225 0.37249 0.40313 0.46171
MCC 0.13295 0.13845 0.16239 0.22791
g-measure 0.4378 0.44367 0.46055 0.55494
Balance 0.50056 0.50585 0.51659 0.57654

Table 9: Tsbagging compared with other CPDP methods on 15% target data.

Performance NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
F1 0.39069 0.36885 0.35966 0.41024 0.41026 0.45525
MCC 0.15524 0.13274 0.1264 0.17305 0.16393 0.22013
g-measure 0.47141 0.4326 0.40631 0.48199 0.49243 0.55298
Balance 0.52293 0.49886 0.48159 0.52979 0.52915 0.57317

Table 5: Tsbagging compared with other SDP methods on 10% target data.

Performance NB Adaboost NB+WP Tsbagging
F1 0.37331 0.37367 0.38891 0.4427
MCC 0.13551 0.14112 0.14956 0.20694
g-measure 0.43927 0.44549 0.45031 0.54691
Balance 0.50141 0.50704 0.50897 0.56982

Table 6: Tsbagging compare with other SDP methods on 15% target data.

Performance NB Adaboost NB+WP Tsbagging
F1 0.37437 0.37436 0.39413 0.45525
MCC 0.1379 0.14313 0.15446 0.22013
g-measure 0.44025 0.44611 0.45297 0.55298
Balance 0.50216 0.50761 0.51133 0.57317

Table 8: Tsbagging compared with other CPDP methods on 10% target data.

Performance NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
F1 0.3871 0.36847 0.35915 0.40169 0.40849 0.4427
MCC 0.15157 0.13112 0.12887 0.16283 0.16352 0.20694
g-measure 0.468 0.43237 0.40261 0.47439 0.50011 0.54691
Balance 0.52107 0.49851 0.48052 0.52564 0.5351 0.56982
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Table 10: Tsbagging compared with other CPDP methods on 25% target data.

Performance NN DBSCAN �lter VCB+ SVM NN+WP DTB Tsbagging
F1 0.38972 0.36728 0.35878 0.4201 0.42511 0.46171
MCC 0.15334 0.12828 0.12355 0.18224 0.17822 0.22791
g-measure 0.47416 0.43104 0.40177 0.49139 0.50464 0.55494
Balance 0.52438 0.49775 0.47932 0.53669 0.53751 0.57654

Table 11: Wilcoxon rank sum test p value on 10% target project data.

p value NB Adaboost NB+WP NN DBSCAN �lter VCB+ SVM NN+WP DTB
F1-measure 2.74e–09 2.35e–09 1.19e–05 6.93e–06 5.50e–09 3.74e–17 0.0015 0.0078
MCC 3.30e–13 4.18e–12 1.18e–08 1.16e–07 1.91e–13 7.76e–15 1.51e–05 8.36e–05
G-measure 5.04e–17 7.48e–14 1.91e-14 8.65e–09 1.33e–17 2.24e–30 2.01e–08 3.96e–07
Balance 7.67e–18 2.69e–14 1.73e-14 2.69e–09 2.15e–18 3.15e–31 2.10e–08 1.72e–07

Table 12: Wilcoxon rank sum test p value on 15% target project data.

p value NB Adaboost NB+WP NN DBSCAN �lter VCB+ SVM NN+WP DTB
F1-measure 1.23e–11 1.06e–11 8.60e–07 1.21e–07 2.07e–11 9.09e–22 5.97e–04 8.08e–04
MCC 1.84e–16 3.70e–15 1.69e–10 9.13e–10 1.29e–16 4.35e–20 1.09e – 4 2.48e–06
G-measure 9.07e–18 1.60e–14 3.55e–15 3.78e–09 2.86e–18 3.01e–31 3.99e–08 6.56e–10
Balance 6.41e–19 2.46e–15 2.01e–15 6.11e–10 1.76e–19 1.86e–32 2.95e–08 1.30e–10

Table 13: Wilcoxon rank sum test p value on 25% target project data.

p value NB Adaboost NB+WP NN DBSCAN �lter VCB+ SVM NN+WP DTB
F1-measure 3.18e–15 2.30e–15 1.16e–06 1.83e–10 7.21e–15 1.25e–24 6.58e–04 0.0054
MCC 1.01e–21 1.94e–20 3.69e–11 5.8e–13 1.48e-21 2.02e–26 1.6e–05 3.46e–05
G-measure 1.98e–19 2.68e–16 2.62e–14 2.36e–09 8.94e–20 3.52e–33 8.41e–07 7.94e–09
Balance 1.60e–21 8.85e–18 1.55e–14 1.01e–10 7.53e–22 6.28e–36 6.31e–07 7.60e–10
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Figure 3: Box plot of F1-measure on 10% target project data.
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Figure 5: Box plot of g-measure on 10% target project data.
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Figure 6: Box plot of balance on 10% target project data.
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Figure 7: Box plot of F1-measure on 15% target project data.
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Figure 8: Box plot of MCC on 15% target project data.

0.6

0.7

0.8

0.5

0.4

0.3

0.2

0.1

0

NB Adaboost NB+WP NN DBSCAN
Filter

Algorithm

VCB+
SVM

NN+WP DTB TSbagging

g-
m

ea
su

re

Figure 9: Box plot of g-measure on 15% target project data.
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Figure 10: Box plot of balance on 15% target project data.
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Figure 11: Box plot of F1-measure on 25% target project data.
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Figure 12: Box plot of MCC on 25% target project data.
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Figure 13: Box plot of g-measure on 25% target project data.
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Figure 14: Box plot of balance on 25% target project data.

Table 14: e performance of Tsbagging on di�erent nk and pk.

Performance nk� pk� 3 nk� pk� 5 nk� pk� 7 nk� pk� 10

10% target data

F1 0.44065 0.44270 0.44066 0.43836
MCC 0.20188 0.20694 0.20284 0.20313

g-measure 0.54467 0.54691 0.54250 0.54014
Balance 0.56711 0.56982 0.56604 0.56507

15% target data

F1 0.45418 0.45525 0.45454 0.45598
MCC 0.21972 0.22013 0.22131 0.22120

g-measure 0.55401 0.55298 0.55335 0.55630
Balance 0.57371 0.57317 0.57455 0.57661

25% target data

F1 0.46521 0.46171 0.46441 0.46497
MCC 0.23202 0.22791 0.23202 0.23190

g-measure 0.55863 0.55494 0.55795 0.55874
Balance 0.57858 0.57654 0.57842 0.57867
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Figure 15: Tsbagging’s performance under di�erent nk and pk target project data on 10% target project data.
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Figure 16: Tsbagging’s performance under di�erent nk and pk target project data on 15% target project data.
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Figure 17: Tsbagging’s performance under di�erent nk and pk target project data on 25% target project data.

Table 15: e F1 in 10% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN �lter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.21735 0.21904 0.21404 0.2155 0.21639 0.23235 0.21333 0.21665 0.22607
ant-1.6⇒ poi-2.0 0.22358 0.22889 0.22455 0.21878 0.22161 0.21416 0.21662 0.1993 0.21584
camel-1.2-⇒ poi-2.0 0.20549 0.20549 0.20572 0.21303 0.20485 0.18016 0.20608 0.21133 0.22765
log4j-1.1⇒ poi-2.0 0.21467 0.21467 0.22093 0.21978 0.21521 0.22636 0.22176 0.20868 0.21572
jedit-4.0⇒ poi-2.0 0.2162 0.26957 0.2074 0.20484 0.2162 0.2147 0.20257 0.19213 0.21595
xerces-1.2⇒ poi-2.0 0.03518 0.03518 0.07843 0.00408 0 0.2608 0.01185 0.09972 0.24428
poi-2.0⇒ synapse-1.2 0.54364 0.54364 0.5553 0.58095 0.54364 0.50871 0.56321 0.59415 0.55864
ant-1.6⇒ synapse-1.2 0.5953 0.55626 0.58767 0.58044 0.58532 0.40549 0.58804 0.58745 0.59561
camel-1.2-⇒ synapse-1.2 0.50718 0.50718 0.50702 0.51584 0.50195 0.34559 0.51367 0.54653 0.52893
log4j-1.1⇒ synapse-1.2 0.53011 0.53011 0.55312 0.54023 0.53737 0.49163 0.54942 0.54602 0.56122
jedit-4.0⇒ synapse-1.2 0.58037 0.5972 0.5785 0.56968 0.58037 0.2854 0.5738 0.57984 0.57098
xerces-1.2⇒ synapse-1.2 0.10306 0.10306 0.102 0.08632 0.06006 0.48965 0.10213 0.09281 0.44261
poi-2.0⇒ ant-1.6 0.52069 0.52069 0.51521 0.52199 0.52069 0.38772 0.51697 0.50217 0.52821
synapse-1.2⇒ ant-1.6 0.49947 0.50619 0.50766 0.49896 0.49899 0.49348 0.50633 0.51329 0.51819
camel-1.2-⇒ ant-1.6 0.41971 0.41971 0.42608 0.42529 0.42324 0.31031 0.42949 0.46786 0.45333
log4j-1.1⇒ ant-1.6 0.50175 0.50175 0.5088 0.50175 0.51521 0.57478 0.5088 0.53242 0.52713
jedit-4.0⇒ ant-1.6 0.55276 0.59208 0.5604 0.55533 0.55276 0.40075 0.56422 0.5348 0.57201
xerces-1.2⇒ ant-1.6 0.08695 0.08695 0.13622 0.18041 0.06484 0.45114 0.21772 0.31335 0.44708
poi-2.0⇒ camel-1.2 0.46086 0.46086 0.51667 0.4695 0.46086 0.50283 0.51742 0.53499 0.51786
synapse-1.2⇒ camel-1.2 0.47467 0.45434 0.50601 0.47351 0.47618 0.40148 0.50761 0.50633 0.49581
ant-1.6⇒ camel-1.2 0.42734 0.36304 0.48021 0.42773 0.4276 0.30902 0.48243 0.49156 0.48163
log4j-1.1⇒ camel-1.2 0.47334 0.47334 0.51292 0.47772 0.48463 0.38806 0.51226 0.51046 0.51613
jedit-4.0⇒ camel-1.2 0.40347 0.40569 0.45689 0.40315 0.40347 0.21309 0.46236 0.49466 0.45534
xerces-1.2⇒ camel-1.2 0.12117 0.12117 0.18614 0.05679 0.12117 0.47673 0.17253 0.14243 0.47279
poi-2.0⇒ log4j-1.1 0.60153 0.60153 0.60798 0.59802 0.60214 0.49732 0.59661 0.53887 0.5446
synapse-1.2⇒ log4j-1.1 0.61422 0.59282 0.62118 0.62964 0.61664 0.40917 0.62354 0.59303 0.6248
ant-1.6⇒ log4j-1.1 0.70303 0.70573 0.66764 0.70235 0.68642 0.44252 0.68613 0.6387 0.6329
camel-1.2-⇒ log4j-1.1 0.54205 0.54205 0.54205 0.56575 0.54205 0.30019 0.54003 0.56057 0.55413
jedit-4.0⇒ log4j-1.1 0.5081 0.50894 0.57968 0.56308 0.50887 0.2941 0.65088 0.61637 0.57729
xerces-1.2⇒ log4j-1.1 0.09821 0.09821 0.09787 0.025 0 0.42067 0.01818 0.22218 0.39049
poi-2.0⇒ jedit-4.0 0.47839 0.47839 0.46862 0.46148 0.47839 0.42892 0.47671 0.49122 0.47553
synapse-1.2⇒ jedit-4.0 0.44287 0.44009 0.45569 0.47216 0.44536 0.47536 0.48161 0.49349 0.493
ant-1.6⇒ jedit-4.0 0.53598 0.48923 0.52952 0.53656 0.54119 0.55492 0.53015 0.53153 0.53275
camel-1.2-⇒ jedit-4.0 0.38182 0.38182 0.39133 0.43417 0.37797 0.24804 0.44492 0.45252 0.45857
log4j-1.1⇒ jedit-4.0 0.44633 0.44633 0.46468 0.45268 0.45209 0.54864 0.46678 0.47041 0.4871
xerces-1.2⇒ jedit-4.0 0.06342 0.06342 0.0726 0.5108 0.04334 0.33488 0.51579 0.51123 0.51133
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Table 15: Continued.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
poi-2.0⇒ xerces-1.2 0.27102 0.27102 0.30633 0.26847 0.27102 0.25367 0.28799 0.24271 0.28724
synapse-1.2⇒ xerces-1.2 0.20992 0.238 0.22005 0.21827 0.20915 0.24258 0.22003 0.209 0.26393
ant-1.6⇒ xerces-1.2 0.25193 0.26689 0.27925 0.25161 0.2513 0.19761 0.27626 0.26298 0.30391
camel-1.2-⇒ xerces-1.2 0.15626 0.15626 0.16707 0.15995 0.16056 0.18903 0.17926 0.19847 0.23449
log4j-1.1⇒ xerces-1.2 0.2204 0.2204 0.23348 0.2204 0.21719 0.27222 0.23372 0.24739 0.31214
jedit-4.0⇒ xerces-1.2 0.23927 0.27693 0.28141 0.24605 0.23927 0.20993 0.28179 0.25688 0.32005
Average 0.37331 0.37367 0.38891 0.3871 0.36847 0.35915 0.40169 0.40849 0.4427

Table 16: *e MCC in 10% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.04146 0.0468 0.03122 0.03552 0.03836 0.09204 0.02901 0.04179 0.06015
ant-1.6⇒ poi-2.0 0.07266 0.08273 0.07609 0.06087 0.0679 0.05311 0.05565 0.01819 0.05374
camel-1.2-⇒ poi-2.0 0.00197 0.00197 0.00316 0.03918 −0.00171 0.0598 0.00712 0.03155 0.06879
log4j-1.1⇒ poi-2.0 0.02798 0.02798 0.04775 0.04388 0.02959 0.05547 0.05055 0.01709 0.03109
jedit-4.0⇒ poi-2.0 0.04572 0.14578 0.02578 0.02065 0.04572 0.21011 0.01465 −0.00551 0.04474
xerces-1.2⇒ poi-2.0 −0.05519 −0.05519 −0.01737 −0.08453 −0.08197 0.14514 −0.07864 −0.0121 0.13389
poi-2.0⇒ synapse-1.2 0.2281 0.2281 0.24838 0.3167 0.2281 0.08048 0.27762 0.33512 0.27296
ant-1.6⇒ synapse-1.2 0.34214 0.29559 0.32688 0.31677 0.32458 0.2309 0.32858 0.32876 0.35227
camel-1.2-⇒ synapse-1.2 0.07812 0.07812 0.07821 0.10231 0.05546 0.08566 0.10008 0.22315 0.16238
log4j-1.1⇒ synapse-1.2 0.18415 0.18415 0.24222 0.20913 0.20152 0.17312 0.23284 0.23679 0.2635
jedit-4.0⇒ synapse-1.2 0.33082 0.35833 0.32527 0.3162 0.33082 0.14731 0.31654 0.31941 0.31014
xerces-1.2⇒ synapse-1.2 0.02056 0.02056 −0.01086 −0.00372 −0.02659 0.16193 0.00313 −0.06274 0.23093
poi-2.0⇒ ant-1.6 0.31631 0.31631 0.3103 0.32147 0.31631 0.11177 0.31329 0.28237 0.3324
synapse-1.2⇒ ant-1.6 0.28572 0.29169 0.30237 0.2856 0.28473 0.25716 0.29918 0.31243 0.31474
camel-1.2-⇒ ant-1.6 0.06981 0.06981 0.09539 0.09182 0.08431 0.07549 0.10807 0.22748 0.18147
log4j-1.1⇒ ant-1.6 0.27726 0.27726 0.29384 0.27726 0.31083 0.38494 0.29384 0.32948 0.32528
jedit-4.0⇒ ant-1.6 0.35812 0.42032 0.37204 0.36236 0.35812 0.16285 0.37795 0.33238 0.39119
xerces-1.2⇒ ant-1.6 0.00586 0.00586 0.0264 0.02115 −0.00586 0.1586 0.04636 0.12517 0.24598
poi-2.0⇒ camel-1.2 0.04845 0.04845 0.11824 0.0731 0.04845 0.06494 0.11859 0.14025 0.13895
synapse-1.2⇒ camel-1.2 0.05486 0.02581 0.10936 0.05313 0.0583 0.06712 0.11354 0.09542 0.09865
ant-1.6⇒ camel-1.2 0.04561 0.09218 0.0987 0.04673 0.04583 0.04783 0.10026 0.10816 0.10045
log4j-1.1⇒ camel-1.2 0.08919 0.08919 0.11222 0.09612 0.10825 0.04427 0.11057 0.10984 0.11353
jedit-4.0⇒ camel-1.2 0.04018 0.08971 0.07659 0.05415 0.04018 0.01809 0.08082 0.10837 0.08168
xerces-1.2⇒ camel-1.2 −0.01572 −0.01572 −0.00798 −0.08612 −0.01572 0.0351 −0.01124 −0.09313 0.09873
poi-2.0⇒ log4j-1.1 0.35992 0.35992 0.37309 0.35256 0.36121 0.11348 0.35028 0.23715 0.25212
synapse-1.2⇒ log4j-1.1 0.37414 0.34903 0.38719 0.41234 0.3777 0.23871 0.3947 0.3325 0.40296
ant-1.6⇒ log4j-1.1 0.57342 0.61782 0.49759 0.55578 0.55568 0.39557 0.50976 0.45798 0.46938
camel-1.2-⇒ log4j-1.1 0.19723 0.19723 0.19723 0.25103 0.19723 0.0639 0.18827 0.24226 0.22693
jedit-4.0⇒ log4j-1.1 0.38971 0.31301 0.42013 0.4096 0.38715 0.0013 0.48522 0.40331 0.378
xerces-1.2⇒ log4j-1.1 0.02629 0.02629 0.0231 −0.10293 −0.09771 0.0604 −0.1124 −0.02266 0.22173
poi-2.0⇒ jedit-4.0 0.2523 0.2523 0.24064 0.22643 0.2523 0.13598 0.25664 0.27847 0.25459
synapse-1.2⇒ jedit-4.0 0.18899 0.1818 0.21759 0.25309 0.19549 0.25905 0.27109 0.28933 0.28531
ant-1.6⇒ jedit-4.0 0.36555 0.29402 0.35571 0.36171 0.3738 0.43791 0.35168 0.35186 0.35506
camel-1.2-⇒ jedit-4.0 0.0011 0.0011 0.03118 0.16696 −0.01053 0.08204 0.18669 0.2064 0.22254
log4j-1.1⇒ jedit-4.0 0.19852 0.19852 0.2391 0.2135 0.21254 0.37538 0.24477 0.25452 0.27873
xerces-1.2⇒ jedit-4.0 −0.08398 −0.08398 −0.0932 0.3206 −0.09301 0.06644 0.32188 0.30997 0.31651
poi-2.0⇒ xerces-1.2 0.08079 0.08079 0.11773 0.07624 0.08079 −0.01301 0.09186 −0.01771 0.08854
synapse-1.2⇒ xerces-1.2 −0.03109 0.02916 −0.02039 −0.01354 −0.0329 0.05872 −0.02186 −0.04965 0.07668
ant-1.6⇒ xerces-1.2 0.07711 0.11999 0.10634 0.07585 0.07528 0.1022 0.1034 0.06771 0.14325
camel-1.2-⇒ xerces-1.2 −0.21544 −0.21544 −0.19035 −0.21143 −0.20842 −0.08365 −0.16711 −0.09859 0.01437
log4j-1.1⇒ xerces-1.2 −0.02272 −0.02272 −0.01153 −0.02272 −0.03044 0.10208 −0.01087 0.01852 0.13313
jedit-4.0⇒ xerces-1.2 0.06524 0.10245 0.10635 0.0711 0.06524 0.09268 0.10639 0.05656 0.16396
Average 0.13551 0.14112 0.14956 0.15157 0.13112 0.12887 0.16283 0.16352 0.20694
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Table 17: *e g-measure in 10% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.37852 0.38743 0.38522 0.37208 0.3733 0.5043 0.3782 0.43156 0.4624
ant-1.6⇒ poi-2.0 0.49228 0.5637 0.48636 0.47518 0.48545 0.49406 0.4633 0.48664 0.48378
camel-1.2-⇒ poi-2.0 0.19881 0.19881 0.20069 0.2152 0.19309 0.34885 0.2201 0.33574 0.3712
log4j-1.1⇒ poi-2.0 0.38143 0.38143 0.36505 0.38417 0.38082 0.50291 0.36586 0.45224 0.40139
jedit-4.0⇒ poi-2.0 0.51015 0.61152 0.48873 0.4971 0.51015 0.25283 0.48276 0.47325 0.50172
xerces-1.2⇒ poi-2.0 0.0531 0.0531 0.12413 0.00605 0 0.56005 0.01794 0.18421 0.46903
poi-2.0⇒ synapse-1.2 0.58467 0.58467 0.58286 0.66191 0.58467 0.21403 0.62466 0.62105 0.61717
ant-1.6⇒ synapse-1.2 0.66187 0.65538 0.65104 0.65489 0.65734 0.44687 0.65292 0.6483 0.67149
camel-1.2-⇒ synapse-1.2 0.18959 0.18959 0.19477 0.2478 0.18932 0.32853 0.2513 0.39922 0.37584
log4j-1.1⇒ synapse-1.2 0.47605 0.47605 0.48289 0.47768 0.4688 0.57965 0.46992 0.56855 0.55189
jedit-4.0⇒ synapse-1.2 0.67344 0.68803 0.67078 0.66483 0.67344 0.26639 0.66614 0.66012 0.65957
xerces-1.2⇒ synapse-1.2 0.11254 0.11254 0.1148 0.09392 0.06524 0.53258 0.11355 0.10897 0.5117
poi-2.0⇒ ant-1.6 0.59134 0.59134 0.5885 0.58462 0.59134 0.29351 0.58408 0.5641 0.62884
synapse-1.2⇒ ant-1.6 0.532 0.57739 0.54951 0.52738 0.53069 0.59593 0.54842 0.56569 0.59318
camel-1.2-⇒ ant-1.6 0.23632 0.23632 0.24248 0.24324 0.25566 0.25993 0.25879 0.38817 0.37878
log4j-1.1⇒ ant-1.6 0.55325 0.55325 0.55651 0.55325 0.55619 0.70158 0.55651 0.63933 0.61025
jedit-4.0⇒ ant-1.6 0.69973 0.73252 0.70124 0.70195 0.69973 0.41869 0.70513 0.67816 0.7108
xerces-1.2⇒ ant-1.6 0.09783 0.09783 0.16135 0.22824 0.07157 0.47352 0.2798 0.37064 0.53637
poi-2.0⇒ camel-1.2 0.51661 0.51661 0.49902 0.53249 0.51661 0.17727 0.49547 0.44585 0.51687
synapse-1.2⇒ camel-1.2 0.50282 0.49841 0.51023 0.50269 0.50475 0.4971 0.51272 0.47944 0.50491
ant-1.6⇒ camel-1.2 0.52141 0.44616 0.54433 0.52189 0.52157 0.37025 0.54393 0.53672 0.5419
log4j-1.1⇒ camel-1.2 0.54255 0.54255 0.48839 0.54554 0.55127 0.47929 0.48773 0.49322 0.46831
jedit-4.0⇒ camel-1.2 0.50492 0.50363 0.53477 0.50474 0.50492 0.18205 0.53619 0.5315 0.53147
xerces-1.2⇒ camel-1.2 0.13714 0.13714 0.22179 0.06415 0.13714 0.43101 0.20379 0.17879 0.53806
poi-2.0⇒ log4j-1.1 0.58836 0.58836 0.60165 0.57982 0.58977 0.28165 0.57299 0.48678 0.56466
synapse-1.2⇒ log4j-1.1 0.68076 0.68347 0.6755 0.71227 0.67235 0.46088 0.69747 0.62817 0.70121
ant-1.6⇒ log4j-1.1 0.75194 0.7296 0.73671 0.76178 0.73516 0.45769 0.75698 0.70004 0.69043
camel-1.2-⇒ log4j-1.1 0.28088 0.28088 0.28088 0.39386 0.28088 0.18111 0.32507 0.4569 0.44371
jedit-4.0⇒ log4j-1.1 0.54739 0.58243 0.6394 0.61925 0.54959 0.20014 0.71771 0.67072 0.65009
xerces-1.2⇒ log4j-1.1 0.10637 0.10637 0.10636 0.02621 0 0.44137 0.02134 0.28553 0.44933
poi-2.0⇒ jedit-4.0 0.60899 0.60899 0.57241 0.62868 0.60899 0.34885 0.61435 0.61757 0.61819
synapse-1.2⇒ jedit-4.0 0.50139 0.52859 0.52993 0.55467 0.49543 0.63409 0.57699 0.6033 0.62777
ant-1.6⇒ jedit-4.0 0.68498 0.6551 0.6743 0.69606 0.69184 0.64182 0.68721 0.69636 0.69478
camel-1.2-⇒ jedit-4.0 0.28746 0.28746 0.2902 0.55845 0.28685 0.26934 0.50835 0.50782 0.55998
log4j-1.1⇒ jedit-4.0 0.5373 0.5373 0.5491 0.53082 0.52683 0.71009 0.54828 0.63189 0.61715
xerces-1.2⇒ jedit-4.0 0.08036 0.08036 0.09621 0.66562 0.05347 0.37698 0.67419 0.64884 0.66284
poi-2.0⇒ xerces-1.2 0.51351 0.51351 0.53368 0.51202 0.51351 0.27437 0.51329 0.47294 0.52542
synapse-1.2⇒ xerces-1.2 0.44296 0.46166 0.45367 0.45035 0.44232 0.42122 0.45457 0.44428 0.47218
ant-1.6⇒ xerces-1.2 0.4435 0.41774 0.49036 0.44462 0.44454 0.26058 0.4848 0.4969 0.50633
camel-1.2-⇒ xerces-1.2 0.35625 0.35625 0.37207 0.35817 0.36018 0.29755 0.38461 0.43281 0.45199
log4j-1.1⇒ xerces-1.2 0.47281 0.47281 0.46904 0.47281 0.46902 0.4397 0.46945 0.4922 0.56267
jedit-4.0⇒ xerces-1.2 0.41581 0.48428 0.4961 0.42957 0.41581 0.30107 0.49758 0.49002 0.53473
Average 0.43927 0.44549 0.45031 0.468 0.43237 0.40261 0.47439 0.50011 0.54691

Table 18: *e balance in 10% target project data.

Source-⇒Target NB adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.45053 0.45577 0.45203 0.44637 0.4475 0.52674 0.44815 0.47638 0.49994
ant-1.6⇒ poi-2.0 0.51697 0.56402 0.5139 0.50463 0.51199 0.50894 0.49688 0.49851 0.50736
camel-1.2-⇒ poi-2.0 0.36717 0.36717 0.36801 0.37586 0.36463 0.45121 0.37578 0.42868 0.45966
log4j-1.1⇒ poi-2.0 0.44956 0.44956 0.4448 0.45347 0.44956 0.52305 0.44562 0.48172 0.45991
jedit-4.0⇒ poi-2.0 0.52085 0.61158 0.5025 0.50591 0.52085 0.39465 0.49594 0.4839 0.51668
xerces-1.2⇒ poi-2.0 0.31051 0.31051 0.33844 0.29364 0.29182 0.58362 0.29797 0.3699 0.5346
poi-2.0⇒ synapse-1.2 0.59187 0.59187 0.59522 0.66182 0.59187 0.38585 0.62883 0.62563 0.6236
ant-1.6⇒ synapse-1.2 0.6612 0.6554 0.65129 0.65517 0.65728 0.4945 0.65283 0.64945 0.66957
camel-1.2-⇒ synapse-1.2 0.36607 0.36607 0.36822 0.39936 0.36541 0.44214 0.39983 0.47044 0.46332
log4j-1.1⇒ synapse-1.2 0.51455 0.51455 0.52114 0.51675 0.51087 0.5828 0.5126 0.58042 0.57031
jedit-4.0⇒ synapse-1.2 0.67343 0.68801 0.67076 0.66484 0.67343 0.39969 0.66611 0.66041 0.65976
xerces-1.2⇒ synapse-1.2 0.33425 0.33425 0.33451 0.32859 0.31604 0.55502 0.34046 0.33061 0.56864
poi-2.0⇒ ant-1.6 0.59787 0.59787 0.59725 0.59214 0.59787 0.42581 0.59359 0.57948 0.62958
synapse-1.2⇒ ant-1.6 0.55383 0.58771 0.56611 0.5505 0.55293 0.60975 0.56535 0.57771 0.60105
camel-1.2-⇒ ant-1.6 0.38592 0.38592 0.38944 0.38972 0.39498 0.40891 0.39707 0.46428 0.45738
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Table 18: Continued.

Source-⇒Target NB adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
log4j-1.1⇒ ant-1.6 0.56959 0.56959 0.57238 0.56959 0.57061 0.70133 0.57238 0.63964 0.61399
jedit-4.0⇒ ant-1.6 0.6997 0.7325 0.69905 0.70193 0.6997 0.48396 0.70282 0.67758 0.70811
xerces-1.2⇒ ant-1.6 0.32854 0.32854 0.35401 0.38016 0.31868 0.51756 0.40429 0.45467 0.57409
poi-2.0⇒ camel-1.2 0.52042 0.52042 0.52292 0.5348 0.52042 0.36165 0.52081 0.49416 0.53679
synapse-1.2⇒ camel-1.2 0.51409 0.50548 0.52787 0.51368 0.51586 0.51284 0.53005 0.50816 0.5222
ant-1.6⇒ camel-1.2 0.52247 0.48849 0.54693 0.52299 0.52261 0.44348 0.54694 0.54386 0.54582
log4j-1.1⇒ camel-1.2 0.54413 0.54413 0.51504 0.54733 0.5532 0.50116 0.51447 0.51754 0.50346
jedit-4.0⇒ camel-1.2 0.51215 0.52065 0.53679 0.51496 0.51215 0.36152 0.53842 0.54029 0.53575
xerces-1.2⇒ camel-1.2 0.34269 0.34269 0.3757 0.31427 0.34269 0.47251 0.36845 0.35429 0.54342
poi-2.0⇒ log4j-1.1 0.59443 0.59443 0.60506 0.58811 0.59552 0.4146 0.58309 0.5229 0.57495
synapse-1.2⇒ log4j-1.1 0.67868 0.68339 0.67215 0.71123 0.66954 0.49545 0.69535 0.62904 0.69943
ant-1.6⇒ log4j-1.1 0.73978 0.70812 0.73306 0.75549 0.72405 0.50476 0.75393 0.69688 0.68864
camel-1.2-⇒ log4j-1.1 0.40873 0.40873 0.40873 0.4817 0.40873 0.374 0.43159 0.50466 0.49999
jedit-4.0⇒ log4j-1.1 0.56476 0.59234 0.6405 0.62092 0.56652 0.36482 0.71686 0.66711 0.65771
xerces-1.2⇒ log4j-1.1 0.33212 0.33212 0.33206 0.3025 0.29259 0.4908 0.30018 0.4029 0.51512
poi-2.0⇒ jedit-4.0 0.6136 0.6136 0.583 0.62896 0.6136 0.45681 0.61714 0.62147 0.62444
synapse-1.2⇒ jedit-4.0 0.53199 0.54963 0.5525 0.57084 0.52844 0.63487 0.58784 0.61063 0.63072
ant-1.6⇒ jedit-4.0 0.68018 0.65546 0.67056 0.69317 0.68668 0.63825 0.6848 0.69581 0.69302
camel-1.2-⇒ jedit-4.0 0.4033 0.4033 0.40725 0.56903 0.40174 0.41578 0.53742 0.53634 0.57836
log4j-1.1⇒ jedit-4.0 0.55668 0.55668 0.56709 0.55289 0.55004 0.70997 0.56647 0.63306 0.62162
xerces-1.2⇒ jedit-4.0 0.3193 0.3193 0.32388 0.6656 0.30996 0.46062 0.67365 0.64911 0.66237
poi-2.0⇒ xerces-1.2 0.52881 0.52881 0.54974 0.52704 0.52881 0.40088 0.53323 0.48112 0.53969
synapse-1.2⇒ xerces-1.2 0.46304 0.48874 0.46972 0.47183 0.46216 0.46981 0.46984 0.45604 0.5047
ant-1.6⇒ xerces-1.2 0.48776 0.47759 0.51877 0.48821 0.48809 0.39799 0.5151 0.51525 0.53279
camel-1.2-⇒ xerces-1.2 0.35711 0.35711 0.37337 0.35993 0.36175 0.38984 0.38826 0.43321 0.47712
log4j-1.1⇒ xerces-1.2 0.4792 0.4792 0.48112 0.4792 0.47472 0.48878 0.48155 0.50005 0.56961
jedit-4.0⇒ xerces-1.2 0.47161 0.51447 0.52388 0.47972 0.47161 0.42522 0.5248 0.51111 0.55701
Average 0.50141 0.50704 0.50897 0.52107 0.49851 0.48052 0.52564 0.5351 0.56982

Table 19: *e F1 in 15% target project data.

Source-⇒Target NB adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.21693 0.21873 0.20889 0.21459 0.216 0.23915 0.2074 0.21406 0.23694
ant-1.6⇒ poi-2.0 0.22963 0.23248 0.22775 0.22287 0.2276 0.22163 0.22391 0.20765 0.23422
camel-1.2-⇒ poi-2.0 0.20672 0.20672 0.20742 0.21371 0.20603 0.21389 0.20862 0.21229 0.21602
log4j-1.1⇒ poi-2.0 0.21097 0.21097 0.21633 0.21715 0.21203 0.22227 0.21824 0.20555 0.23494
jedit-4.0⇒ poi-2.0 0.22215 0.27816 0.21793 0.21141 0.22215 0.20433 0.21456 0.20702 0.23645
xerces-1.2⇒ poi-2.0 0.0342 0.0342 0.0957 0.00392 0 0.25374 0.02181 0.10784 0.3069
poi-2.0⇒ synapse-1.2 0.5466 0.5466 0.53595 0.59014 0.5466 0.47983 0.54241 0.5825 0.54787
ant-1.6⇒ synapse-1.2 0.60116 0.55934 0.58981 0.5912 0.59402 0.40608 0.5931 0.59125 0.58973
camel-1.2-⇒ synapse-1.2 0.51171 0.51171 0.51249 0.52083 0.50677 0.39913 0.51986 0.54917 0.53828
log4j-1.1⇒ synapse-1.2 0.53645 0.53645 0.55172 0.54527 0.54186 0.50398 0.55216 0.56258 0.5724
jedit-4.0⇒ synapse-1.2 0.59245 0.60616 0.58368 0.58148 0.59245 0.27294 0.57969 0.58891 0.56904
xerces-1.2⇒ synapse-1.2 0.09605 0.09605 0.10769 0.09133 0.06804 0.45593 0.09505 0.14233 0.46483
poi-2.0⇒ ant-1.6 0.51504 0.51504 0.50466 0.516 0.51504 0.43684 0.51474 0.50059 0.52528
synapse-1.2⇒ ant-1.6 0.50586 0.51445 0.52187 0.50565 0.50603 0.50773 0.52114 0.52141 0.53755
camel-1.2-⇒ ant-1.6 0.41543 0.41543 0.42734 0.41897 0.41849 0.25827 0.4352 0.46126 0.47368
log4j-1.1⇒ ant-1.6 0.50188 0.50188 0.51869 0.50356 0.51299 0.55277 0.51861 0.54114 0.54228
jedit-4.0⇒ ant-1.6 0.55014 0.58331 0.56847 0.55087 0.55014 0.37734 0.568 0.54585 0.56526
xerces-1.2⇒ ant-1.6 0.09455 0.09455 0.14754 0.17726 0.05572 0.44861 0.24714 0.30967 0.50417
poi-2.0⇒ camel-1.2 0.45885 0.45885 0.51939 0.46633 0.45885 0.46679 0.52088 0.53341 0.51599
synapse-1.2⇒ camel-1.2 0.4672 0.44736 0.50115 0.46597 0.46761 0.38933 0.50207 0.50628 0.50358
ant-1.6⇒ camel-1.2 0.42921 0.36418 0.49158 0.43127 0.42929 0.31302 0.49448 0.50748 0.49195
log4j-1.1⇒ camel-1.2 0.46468 0.46468 0.51155 0.46995 0.47722 0.39404 0.51072 0.51333 0.51548
jedit-4.0⇒ camel-1.2 0.4075 0.41008 0.46659 0.40652 0.4075 0.22315 0.47109 0.50134 0.46225
xerces-1.2⇒ camel-1.2 0.11908 0.11908 0.20851 0.05385 0.10548 0.47024 0.19383 0.14993 0.47231
poi-2.0⇒ log4j-1.1 0.5895 0.5895 0.58852 0.59397 0.59083 0.44481 0.59297 0.53237 0.58286
synapse-1.2⇒ log4j-1.1 0.61953 0.60099 0.61149 0.59674 0.61926 0.41953 0.61528 0.58504 0.60243
ant-1.6⇒ log4j-1.1 0.71516 0.71791 0.69483 0.71323 0.69931 0.45513 0.67631 0.63445 0.64854
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Table 19: Continued.

Source-⇒Target NB adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
camel-1.2-⇒ log4j-1.1 0.54053 0.54053 0.53921 0.54665 0.54053 0.39224 0.54324 0.56348 0.54541
jedit-4.0⇒ log4j-1.1 0.52924 0.52523 0.63529 0.58965 0.52809 0.26844 0.66327 0.62366 0.60732
xerces-1.2⇒ log4j-1.1 0.10235 0.10235 0.10108 0.15162 0 0.45645 0.15547 0.20119 0.55011
poi-2.0⇒ jedit-4.0 0.48248 0.48248 0.48011 0.46536 0.48248 0.43714 0.49369 0.50174 0.5123
synapse-1.2⇒ jedit-4.0 0.44256 0.43796 0.45721 0.46249 0.44489 0.46818 0.47944 0.49506 0.47609
ant-1.6⇒ jedit-4.0 0.53958 0.49645 0.52806 0.54081 0.54208 0.55206 0.53757 0.53675 0.53698
camel-1.2-⇒ jedit-4.0 0.37449 0.37449 0.3888 0.43318 0.36995 0.24369 0.44748 0.44796 0.46533
log4j-1.1⇒ jedit-4.0 0.45357 0.45357 0.46913 0.46469 0.45665 0.54593 0.47622 0.4859 0.48499
xerces-1.2⇒ jedit-4.0 0.06583 0.06583 0.07191 0.52178 0.04438 0.38537 0.51821 0.50973 0.50487
poi-2.0⇒ xerces-1.2 0.26486 0.26486 0.3081 0.2612 0.26486 0.26134 0.30412 0.23711 0.30942
synapse-1.2⇒ xerces-1.2 0.20511 0.23249 0.22143 0.21449 0.20431 0.24319 0.2207 0.19993 0.25847
ant-1.6⇒ xerces-1.2 0.25349 0.26784 0.28404 0.25193 0.25337 0.19038 0.28994 0.27164 0.32317
camel-1.2-⇒ xerces-1.2 0.144 0.144 0.16389 0.15381 0.14931 0.17171 0.1754 0.18165 0.24017
log4j-1.1⇒ xerces-1.2 0.22393 0.22393 0.28556 0.22342 0.22056 0.27426 0.28501 0.2357 0.30555
jedit-4.0⇒ xerces-1.2 0.24285 0.27615 0.2823 0.25402 0.24285 0.18466 0.2809 0.22451 0.30917
Average 0.37437 0.37436 0.39413 0.39069 0.36885 0.35966 0.41024 0.41026 0.45525

Table 20: *e MCC in 15% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.04659 0.05218 0.02094 0.03902 0.04367 0.10738 0.01674 0.04017 0.08655
ant-1.6⇒ poi-2.0 0.07001 0.07751 0.06574 0.05316 0.06508 0.04381 0.05514 0.02188 0.07801
camel-1.2-⇒ poi-2.0 0.00379 0.00379 0.00746 0.03819 −0.00014 0.08989 0.01393 0.03194 0.0474
log4j-1.1⇒ poi-2.0 0.03082 0.03082 0.04816 0.05021 0.03406 0.05728 0.05456 0.0202 0.08751
jedit-4.0⇒ poi-2.0 0.04495 0.15032 0.03456 0.02146 0.04495 0.16069 0.02759 0.01266 0.07243
xerces-1.2⇒ poi-2.0 −0.05125 −0.05125 0.00733 −0.08175 −0.07834 0.12892 −0.06523 0.0059 0.20199
poi-2.0⇒ synapse-1.2 0.23656 0.23656 0.19632 0.33558 0.23656 0.03225 0.21802 0.30926 0.23708
ant-1.6⇒ synapse-1.2 0.34686 0.2969 0.32536 0.3292 0.3346 0.26436 0.3319 0.33161 0.33882
camel-1.2-⇒ synapse-1.2 0.08038 0.08038 0.08465 0.11162 0.05843 0.10986 0.1109 0.22164 0.17905
log4j-1.1⇒ synapse-1.2 0.19658 0.19658 0.23636 0.21828 0.20929 0.19156 0.23694 0.26801 0.29093
jedit-4.0⇒ synapse-1.2 0.34939 0.3714 0.32719 0.33413 0.34939 0.14672 0.31549 0.32838 0.29801
xerces-1.2⇒ synapse-1.2 −0.00326 −0.00326 −0.03605 −0.00332 −0.01833 0.07862 −0.01171 −0.01622 0.2244
poi-2.0⇒ ant-1.6 0.30474 0.30474 0.28521 0.30935 0.30474 0.13202 0.30594 0.28546 0.32308
synapse-1.2⇒ ant-1.6 0.29061 0.30088 0.32064 0.29137 0.29126 0.27988 0.31906 0.31893 0.34124
camel-1.2-⇒ ant-1.6 0.07018 0.07018 0.11958 0.08443 0.08269 0.09672 0.1466 0.22242 0.24577
log4j-1.1⇒ ant-1.6 0.28212 0.28212 0.31498 0.28648 0.30999 0.34738 0.31519 0.35305 0.34967
jedit-4.0⇒ ant-1.6 0.35871 0.41093 0.39158 0.36008 0.35871 0.12548 0.39187 0.35393 0.38612
xerces-1.2⇒ ant-1.6 0.02182 0.02182 0.02674 0.02375 −0.01596 0.1707 0.06008 0.10263 0.27853
poi-2.0⇒ camel-1.2 0.04496 0.04496 0.13357 0.06854 0.04496 0.07154 0.13421 0.13798 0.1357
synapse-1.2⇒ camel-1.2 0.04688 0.01933 0.10633 0.04495 0.04734 0.06988 0.10833 0.09883 0.10611
ant-1.6⇒ camel-1.2 0.04721 0.09551 0.10804 0.05144 0.04687 0.0349 0.11155 0.12334 0.11053
log4j-1.1⇒ camel-1.2 0.07892 0.07892 0.1063 0.08713 0.09978 0.04966 0.10365 0.10861 0.11339
jedit-4.0⇒ camel-1.2 0.04857 0.0964 0.07586 0.05972 0.04857 0.02268 0.0849 0.11409 0.07812
xerces-1.2⇒ camel-1.2 −0.01659 −0.01659 0.00016 −0.1039 −0.03027 0.03386 −0.00504 −0.08476 0.0654
poi-2.0⇒ log4j-1.1 0.34972 0.34972 0.35085 0.35503 0.35235 0.07906 0.35555 0.23699 0.3309
synapse-1.2⇒ log4j-1.1 0.38475 0.36456 0.37212 0.35842 0.38393 0.24436 0.3866 0.31815 0.37756
ant-1.6⇒ log4j-1.1 0.59342 0.63266 0.5252 0.56517 0.5766 0.40986 0.48576 0.4221 0.50346
camel-1.2-⇒ log4j-1.1 0.20451 0.20451 0.19945 0.21893 0.20451 0.06997 0.21107 0.25947 0.20912
jedit-4.0⇒ log4j-1.1 0.4058 0.33282 0.45428 0.44343 0.39787 −0.0208 0.48217 0.3947 0.41144
xerces-1.2⇒ log4j-1.1 0.04404 0.04404 0.02878 0.02168 −0.08211 0.09775 0.01872 −0.02838 0.3301
poi-2.0⇒ jedit-4.0 0.25754 0.25754 0.25715 0.23182 0.25754 0.15573 0.27907 0.29927 0.31109
synapse-1.2⇒ jedit-4.0 0.18904 0.17776 0.22115 0.23579 0.19514 0.2564 0.2681 0.29585 0.25511
ant-1.6⇒ jedit-4.0 0.37043 0.30097 0.35268 0.36711 0.37428 0.43055 0.36362 0.35846 0.36005
camel-1.2-⇒ jedit-4.0 −0.0053 −0.0053 0.0416 0.17347 −0.0189 0.07565 0.20644 0.20924 0.24378
log4j-1.1⇒ jedit-4.0 0.20939 0.20939 0.24377 0.23326 0.21754 0.36934 0.25877 0.27377 0.27023
xerces-1.2⇒ jedit-4.0 −0.07628 −0.07628 −0.09949 0.33699 −0.08512 0.05744 0.32308 0.31095 0.31327
poi-2.0⇒ xerces-1.2 0.06724 0.06724 0.12141 0.06054 0.06724 −0.0024 0.11419 −0.03749 0.12921
synapse-1.2⇒ xerces-1.2 −0.02888 0.0293 −0.0105 −0.0099 −0.03076 0.07072 −0.01594 −0.07297 0.05125
ant-1.6⇒ xerces-1.2 0.07842 0.12117 0.11754 0.07635 0.07749 0.09184 0.1244 0.08072 0.179
camel-1.2-⇒ xerces-1.2 −0.22809 −0.22809 −0.1917 −0.212 −0.21915 −0.09392 −0.162 −0.12824 0.0048
log4j-1.1⇒ xerces-1.2 −0.02278 −0.02278 0.08287 −0.02399 −0.03085 0.103 0.08178 −0.01724 0.14794
jedit-4.0⇒ xerces-1.2 0.06937 0.10106 0.11302 0.07907 0.06937 0.06818 0.10609 −0.00024 0.14148
Average 0.1379 0.14313 0.15446 0.15524 0.13274 0.1264 0.17305 0.16393 0.22013
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Table 21: *e g-measure in 15% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.37978 0.38917 0.37365 0.37083 0.37476 0.49478 0.36911 0.4147 0.50306
ant-1.6⇒ poi-2.0 0.4906 0.55866 0.48384 0.47154 0.48375 0.4827 0.46853 0.49148 0.49303
camel-1.2-⇒ poi-2.0 0.19596 0.19596 0.20197 0.21075 0.18988 0.36438 0.21828 0.3448 0.29397
log4j-1.1⇒ poi-2.0 0.38523 0.38523 0.3679 0.38822 0.38347 0.50387 0.37124 0.43346 0.45466
jedit-4.0⇒ poi-2.0 0.50928 0.61322 0.49297 0.49749 0.50928 0.26811 0.49031 0.47657 0.52239
xerces-1.2⇒ poi-2.0 0.05022 0.05022 0.14541 0.00587 0 0.55676 0.03385 0.17954 0.56967
poi-2.0⇒ synapse-1.2 0.58754 0.58754 0.49559 0.67172 0.58754 0.22679 0.54416 0.55605 0.52322
ant-1.6⇒ synapse-1.2 0.66425 0.65515 0.64992 0.65893 0.66199 0.45351 0.65119 0.65525 0.64187
camel-1.2-⇒ synapse-1.2 0.1838 0.1838 0.19169 0.24688 0.18357 0.36508 0.25475 0.38402 0.38293
log4j-1.1⇒ synapse-1.2 0.48096 0.48096 0.47855 0.47874 0.46979 0.59054 0.47277 0.54938 0.56176
jedit-4.0⇒ synapse-1.2 0.68288 0.69459 0.66618 0.67401 0.68288 0.26391 0.65798 0.65419 0.64564
xerces-1.2⇒ synapse-1.2 0.10611 0.10611 0.12511 0.09961 0.07392 0.48023 0.10618 0.1685 0.54312
poi-2.0⇒ ant-1.6 0.58395 0.58395 0.56867 0.57585 0.58395 0.34358 0.57333 0.52711 0.60425
synapse-1.2⇒ ant-1.6 0.53381 0.58095 0.5742 0.52854 0.53305 0.61244 0.5719 0.57707 0.62657
camel-1.2-⇒ ant-1.6 0.23678 0.23678 0.23912 0.24841 0.25361 0.24441 0.27818 0.379 0.43903
log4j-1.1⇒ ant-1.6 0.55704 0.55704 0.58494 0.55706 0.55883 0.68466 0.58394 0.64095 0.64653
jedit-4.0⇒ ant-1.6 0.70068 0.72829 0.70375 0.70125 0.70068 0.42845 0.70279 0.68722 0.69978
xerces-1.2⇒ ant-1.6 0.1056 0.1056 0.17709 0.22229 0.06142 0.47947 0.32327 0.33732 0.58502
poi-2.0⇒ camel-1.2 0.51533 0.51533 0.52156 0.53093 0.51533 0.24648 0.51775 0.44761 0.5323
synapse-1.2⇒ camel-1.2 0.50191 0.49745 0.51219 0.50133 0.50178 0.48948 0.51349 0.47782 0.49583
ant-1.6⇒ camel-1.2 0.52197 0.44549 0.54478 0.52409 0.52189 0.3767 0.54461 0.53928 0.54381
log4j-1.1⇒ camel-1.2 0.53764 0.53764 0.4586 0.54117 0.54709 0.48274 0.45602 0.45489 0.44583
jedit-4.0⇒ camel-1.2 0.51063 0.51001 0.52665 0.50995 0.51063 0.16507 0.53245 0.52515 0.52672
xerces-1.2⇒ camel-1.2 0.13457 0.13457 0.25168 0.06185 0.11915 0.4286 0.23281 0.18793 0.50365
poi-2.0⇒ log4j-1.1 0.58792 0.58792 0.57526 0.61206 0.59079 0.13138 0.59285 0.45773 0.58384
synapse-1.2⇒ log4j-1.1 0.68611 0.69138 0.67088 0.68737 0.67472 0.46661 0.68608 0.6285 0.6749
ant-1.6⇒ log4j-1.1 0.76187 0.74172 0.76672 0.77677 0.74557 0.46983 0.75109 0.67993 0.70376
camel-1.2-⇒ log4j-1.1 0.29166 0.29166 0.2915 0.3392 0.29166 0.24881 0.32707 0.46646 0.39334
jedit-4.0⇒ log4j-1.1 0.57168 0.59938 0.70678 0.64452 0.57354 0.23806 0.73169 0.65459 0.6788
xerces-1.2⇒ log4j-1.1 0.1097 0.1097 0.10965 0.16635 0 0.47169 0.17543 0.25202 0.61351
poi-2.0⇒ jedit-4.0 0.61254 0.61254 0.57688 0.63127 0.61254 0.35812 0.62851 0.60781 0.65966
synapse-1.2⇒ jedit-4.0 0.49942 0.52421 0.53494 0.5214 0.49379 0.62433 0.57019 0.60792 0.59458
ant-1.6⇒ jedit-4.0 0.68427 0.66224 0.6645 0.69702 0.68758 0.64198 0.68916 0.69761 0.6976
camel-1.2-⇒ jedit-4.0 0.28229 0.28229 0.28921 0.56286 0.28227 0.2773 0.49589 0.50507 0.54892
log4j-1.1⇒ jedit-4.0 0.5373 0.5373 0.54756 0.54234 0.52519 0.70644 0.56413 0.63679 0.60983
xerces-1.2⇒ jedit-4.0 0.08276 0.08276 0.0964 0.67742 0.05412 0.41143 0.67796 0.64947 0.65056
poi-2.0⇒ xerces-1.2 0.49976 0.49976 0.53439 0.49763 0.49976 0.27721 0.53025 0.46279 0.52605
synapse-1.2⇒ xerces-1.2 0.44563 0.46448 0.46654 0.45506 0.44495 0.41912 0.47 0.44472 0.50265
ant-1.6⇒ xerces-1.2 0.44604 0.41853 0.48442 0.44448 0.44747 0.25347 0.49369 0.50467 0.51165
camel-1.0-⇒ xerces-1.2 0.34572 0.34572 0.36466 0.35516 0.35131 0.32337 0.37791 0.41089 0.46207
log4j-1.1⇒ xerces-1.2 0.47163 0.47163 0.51824 0.47105 0.46774 0.43581 0.51775 0.48011 0.49797
jedit-4.0⇒ xerces-1.2 0.41782 0.47984 0.4901 0.43992 0.41782 0.27729 0.495 0.44573 0.53063
Average 0.44025 0.44611 0.45297 0.47141 0.4326 0.40631 0.48199 0.49243 0.55298

Table 22: *e balance in 15% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.45171 0.45726 0.44444 0.44621 0.44878 0.52382 0.44125 0.46773 0.52717
ant-1.6⇒ poi-2.0 0.51523 0.5589 0.51045 0.50092 0.51022 0.50229 0.50002 0.50282 0.51824
camel-1.2-⇒ poi-2.0 0.36599 0.36599 0.36868 0.3741 0.36331 0.4651 0.37579 0.433 0.41039
log4j-1.1⇒ poi-2.0 0.45165 0.45165 0.44577 0.45623 0.45135 0.52323 0.4482 0.47303 0.50297
jedit-4.0⇒ poi-2.0 0.51998 0.61328 0.50773 0.50631 0.51998 0.39607 0.50397 0.49084 0.53586
xerces-1.2⇒ poi-2.0 0.30975 0.30975 0.34842 0.29371 0.29195 0.57319 0.30437 0.36358 0.59052
poi-2.0⇒ synapse-1.2 0.5948 0.5948 0.53102 0.67158 0.5948 0.38483 0.56438 0.57829 0.55065
ant-1.6⇒ synapse-1.2 0.66349 0.65517 0.65023 0.65881 0.66169 0.50239 0.65142 0.65491 0.64275
camel-1.2-⇒ synapse-1.2 0.3637 0.3637 0.36709 0.39787 0.36312 0.45855 0.40102 0.46209 0.46522
log4j-1.1⇒ synapse-1.2 0.51823 0.51823 0.51805 0.51772 0.51179 0.59334 0.51456 0.56733 0.57729
jedit-4.0⇒ synapse-1.2 0.68285 0.69455 0.6661 0.67398 0.68285 0.40083 0.65844 0.65505 0.6466
xerces-1.2⇒ synapse-1.2 0.33147 0.33147 0.33757 0.33025 0.3193 0.51112 0.33265 0.35587 0.57807
poi-2.0⇒ ant-1.6 0.59263 0.59263 0.58237 0.58593 0.59263 0.4582 0.58571 0.55207 0.61001
synapse-1.2⇒ ant-1.6 0.55514 0.59028 0.58462 0.55135 0.55459 0.62301 0.58316 0.58651 0.62846
camel-1.2-⇒ ant-1.6 0.38612 0.38612 0.38828 0.39181 0.39402 0.40797 0.40681 0.45913 0.49418
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Table 22: Continued.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
log4j-1.1⇒ ant-1.6 0.57237 0.57237 0.59414 0.57221 0.57269 0.68619 0.5933 0.63938 0.64844
jedit-4.0⇒ ant-1.6 0.70059 0.72826 0.69944 0.70119 0.70059 0.48302 0.6979 0.68454 0.69685
xerces-1.2⇒ ant-1.6 0.33165 0.33165 0.35978 0.3779 0.31499 0.52444 0.42603 0.4339 0.59258
poi-2.0⇒ camel-1.2 0.51892 0.51892 0.53832 0.5329 0.51892 0.39064 0.53591 0.49496 0.5461
synapse-1.2⇒ camel-1.2 0.51198 0.50348 0.52867 0.51122 0.512 0.50936 0.52973 0.5079 0.51858
ant-1.6⇒ camel-1.2 0.52312 0.48849 0.54895 0.52526 0.52299 0.44403 0.5494 0.54794 0.54893
log4j-1.1⇒ camel-1.2 0.53914 0.53914 0.49757 0.54293 0.54904 0.50482 0.49582 0.49588 0.49091
jedit-4.0⇒ camel-1.2 0.51714 0.52553 0.53159 0.51905 0.51714 0.35442 0.53711 0.53776 0.53275
xerces-1.2⇒ camel-1.2 0.3417 0.3417 0.38873 0.31272 0.3356 0.47286 0.38006 0.3587 0.5157
poi-2.0⇒ log4j-1.1 0.59462 0.59462 0.58524 0.61738 0.5969 0.34796 0.59965 0.50693 0.59667
synapse-1.2⇒ log4j-1.1 0.68345 0.69114 0.66876 0.6872 0.67135 0.49812 0.6831 0.6301 0.6739
ant-1.6⇒ log4j-1.1 0.74871 0.71986 0.76383 0.77182 0.73284 0.51209 0.74877 0.67892 0.70659
camel-1.2-⇒ log4j-1.1 0.41416 0.41416 0.41403 0.4412 0.41416 0.39765 0.4323 0.51103 0.46983
jedit-4.0⇒ log4j-1.1 0.58244 0.60593 0.70455 0.64179 0.58401 0.37278 0.7286 0.65226 0.67859
xerces-1.2⇒ log4j-1.1 0.33354 0.33354 0.33334 0.36626 0.29267 0.50976 0.36957 0.38643 0.61712
poi-2.0⇒ jedit-4.0 0.61678 0.61678 0.58792 0.63153 0.61678 0.46776 0.63149 0.61272 0.66038
synapse-1.2⇒ jedit-4.0 0.53071 0.54635 0.55616 0.54788 0.52732 0.6287 0.58309 0.61282 0.60297
ant-1.6⇒ jedit-4.0 0.67888 0.66233 0.66096 0.6936 0.68201 0.63893 0.68541 0.69558 0.69523
camel-1.2-⇒ jedit-4.0 0.40037 0.40037 0.40754 0.57313 0.39884 0.42112 0.52933 0.53487 0.56801
log4j-1.1⇒ jedit-4.0 0.55718 0.55718 0.56671 0.56205 0.54911 0.7063 0.57805 0.63809 0.61612
xerces-1.2⇒ jedit-4.0 0.32049 0.32049 0.32341 0.67693 0.3105 0.47072 0.67725 0.65003 0.65135
poi-2.0⇒ xerces-1.2 0.51802 0.51802 0.54813 0.51544 0.51802 0.4056 0.54489 0.47003 0.54414
synapse-1.2⇒ xerces-1.2 0.46474 0.49036 0.47927 0.47512 0.46381 0.4691 0.4794 0.44789 0.51412
ant-1.6⇒ xerces-1.2 0.48928 0.47815 0.51669 0.48814 0.48997 0.39452 0.52309 0.5225 0.54251
camel-1.2-⇒ xerces-1.2 0.34653 0.34653 0.37001 0.35746 0.35266 0.39534 0.3882 0.41194 0.48327
log4j-1.1⇒ xerces-1.2 0.47862 0.47862 0.52816 0.47793 0.47401 0.48649 0.52765 0.48356 0.52944
jedit-4.0⇒ xerces-1.2 0.473 0.51166 0.52325 0.48624 0.473 0.4101 0.52451 0.47554 0.55351
Average 0.50216 0.50761 0.51133 0.52293 0.49886 0.48159 0.52979 0.52915 0.57317

Table 23: *e F1 in 25% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.22157 0.2231 0.21241 0.21842 0.22022 0.21143 0.21091 0.22626 0.22908
ant-1.6⇒ poi-2.0 0.2202 0.22 0.21963 0.21698 0.21792 0.22091 0.21746 0.20464 0.22265
camel-1.2-⇒ poi-2.0 0.19981 0.19981 0.20016 0.20483 0.19894 0.18356 0.20066 0.21269 0.20927
log4j-1.1⇒ poi-2.0 0.20682 0.20682 0.21069 0.20938 0.2065 0.21871 0.21127 0.20021 0.21657
jedit-4.0⇒ poi-2.0 0.22222 0.27819 0.21936 0.21415 0.22222 0.21025 0.21264 0.21727 0.23975
xerces-1.2⇒ poi-2.0 0.03698 0.03698 0.12947 0.01925 0 0.24169 0.03499 0.17119 0.32523
poi-2.0⇒ synapse-1.2 0.5302 0.5302 0.54476 0.56072 0.5302 0.50375 0.55603 0.58603 0.56622
ant-1.6⇒ synapse-1.2 0.59441 0.55583 0.58674 0.58661 0.58409 0.39324 0.59043 0.5966 0.58627
camel-1.2-⇒ synapse-1.2 0.51287 0.51287 0.51254 0.53354 0.50728 0.50987 0.52904 0.5495 0.54653
log4j-1.1⇒ synapse-1.2 0.53147 0.53147 0.55096 0.53997 0.53873 0.49363 0.55034 0.55832 0.57484
jedit-4.0⇒ synapse-1.2 0.57705 0.5975 0.58251 0.5657 0.57705 0.34001 0.57443 0.58706 0.56546
xerces-1.2⇒ synapse-1.2 0.09981 0.09981 0.12385 0.13578 0.05687 0.42338 0.18391 0.11896 0.46766
poi-2.0⇒ ant-1.6 0.51313 0.51313 0.52088 0.51825 0.51313 0.37951 0.52605 0.49653 0.524
synapse-1.2⇒ ant-1.6 0.49141 0.50022 0.50759 0.49581 0.49085 0.48764 0.50663 0.50331 0.52212
camel-1.2-⇒ ant-1.6 0.42134 0.42134 0.43293 0.4335 0.42499 0.23641 0.44721 0.47112 0.47851
log4j-1.1⇒ ant-1.6 0.50684 0.50684 0.52035 0.50685 0.51952 0.53681 0.52091 0.54352 0.53935
jedit-4.0⇒ ant-1.6 0.5568 0.59558 0.57592 0.55947 0.5568 0.37195 0.57714 0.57341 0.57256
xerces-1.2⇒ ant-1.6 0.09629 0.09629 0.20584 0.21004 0.07397 0.43389 0.41154 0.46481 0.4998
poi-2.0⇒ camel-1.2 0.45753 0.45753 0.53492 0.46614 0.45753 0.51613 0.53744 0.54715 0.53557
synapse-1.2⇒ camel-1.2 0.47598 0.45369 0.51662 0.47366 0.47918 0.40277 0.52071 0.52348 0.52179
ant-1.6⇒ camel-1.2 0.43041 0.36565 0.50931 0.43087 0.43073 0.31917 0.51085 0.5106 0.5052
log4j-1.1⇒ camel-1.2 0.47458 0.47458 0.52942 0.47878 0.48791 0.43168 0.5286 0.53337 0.53452
jedit-4.0⇒ camel-1.2 0.4008 0.40287 0.4978 0.40315 0.4008 0.14196 0.49773 0.50859 0.48527
xerces-1.2⇒ camel-1.2 0.12046 0.12046 0.24536 0.0548 0.11296 0.42407 0.23657 0.21797 0.51423
poi-2.0⇒ log4j-1.1 0.59097 0.59097 0.5966 0.58852 0.59469 0.50438 0.58745 0.54995 0.59083
synapse-1.2⇒ log4j-1.1 0.61788 0.60483 0.62101 0.62145 0.61773 0.42062 0.62703 0.59681 0.61619
ant-1.6⇒ log4j-1.1 0.7147 0.70824 0.67219 0.71635 0.68947 0.44983 0.67108 0.66448 0.66505
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Table 23: Continued.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
camel-1.2-⇒ log4j-1.1 0.54464 0.54464 0.53442 0.56618 0.54317 0.50904 0.53789 0.56188 0.55143
jedit-4.0⇒ log4j-1.1 0.48857 0.49348 0.62464 0.54785 0.49929 0.33271 0.6475 0.58833 0.60487
xerces-1.2⇒ log4j-1.1 0.09814 0.09814 0.09659 0.04769 0 0.35789 0.06657 0.3248 0.48249
poi-2.0⇒ jedit-4.0 0.48378 0.48378 0.48464 0.46474 0.48378 0.34855 0.49805 0.50193 0.51403
synapse-1.2⇒ jedit-4.0 0.43249 0.42865 0.45812 0.45564 0.43523 0.48247 0.47541 0.49398 0.49633
ant-1.6⇒ jedit-4.0 0.54366 0.49603 0.53467 0.5503 0.54875 0.56255 0.53667 0.54448 0.5338
camel-1.2-⇒ jedit-4.0 0.38557 0.38557 0.40757 0.42807 0.38191 0.25482 0.45313 0.45366 0.48725
log4j-1.1⇒ jedit-4.0 0.44737 0.44737 0.47181 0.46869 0.45222 0.55102 0.48111 0.49272 0.50239
xerces-1.2⇒ jedit-4.0 0.05482 0.05482 0.07989 0.5114 0.03833 0.3138 0.5123 0.50494 0.52048
poi-2.0⇒ xerces-1.2 0.27907 0.27907 0.34832 0.27729 0.27907 0.26822 0.32793 0.25816 0.34697
synapse-1.2⇒ xerces-1.2 0.21435 0.24253 0.2853 0.22239 0.21374 0.24325 0.28035 0.24668 0.30398
ant-1.6⇒ xerces-1.2 0.23889 0.24929 0.27539 0.24249 0.2404 0.20319 0.28133 0.24288 0.30749
camel-1.2-⇒ xerces-1.2 0.15675 0.15675 0.18071 0.1642 0.15888 0.16822 0.1997 0.198 0.26158
log4j-1.1⇒ xerces-1.2 0.21469 0.21469 0.28428 0.21403 0.21163 0.26254 0.28507 0.28617 0.31669
jedit-4.0⇒ xerces-1.2 0.22928 0.26477 0.28537 0.24437 0.22928 0.20339 0.28231 0.22202 0.30742
Average 0.37225 0.37249 0.40313 0.38972 0.36728 0.35878 0.4201 0.42511 0.46171

Table 24: *e MCC in 25% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.05035 0.05501 0.02175 0.04051 0.04595 0.04378 0.01782 0.06524 0.06665
ant-1.6⇒ poi-2.0 0.06888 0.07001 0.06832 0.06116 0.06349 0.0672 0.06312 0.03463 0.07734
camel-1.2-⇒ poi-2.0 −0.01118 −0.01118 −0.00903 0.01442 −0.01636 0.05507 −0.00218 0.04958 0.03677
log4j-1.1⇒ poi-2.0 0.0233 0.0233 0.0356 0.03109 0.02235 0.05592 0.03761 0.00941 0.05017
jedit-4.0⇒ poi-2.0 0.05373 0.15577 0.04613 0.03593 0.05373 0.20895 0.02971 0.04271 0.09112
xerces-1.2⇒ poi-2.0 −0.05347 −0.05347 0.03448 −0.07016 −0.08038 0.10638 −0.0604 −0.00094 0.22189
poi-2.0⇒ synapse-1.2 0.20689 0.20689 0.22937 0.28795 0.20689 0.09906 0.25892 0.32027 0.28751
ant-1.6⇒ synapse-1.2 0.34184 0.29659 0.32608 0.33152 0.32393 0.20288 0.33501 0.34762 0.33912
camel-1.2-⇒ synapse-1.2 0.07531 0.07531 0.07527 0.13499 0.05106 0.1413 0.12319 0.21456 0.19087
log4j-1.1⇒ synapse-1.2 0.18588 0.18588 0.23634 0.20678 0.20345 0.18195 0.23487 0.25745 0.29421
jedit-4.0⇒ synapse-1.2 0.32527 0.35805 0.32505 0.30844 0.32527 0.15163 0.30632 0.32037 0.29081
xerces-1.2⇒ synapse-1.2 0.02141 0.02141 0.00235 0.05379 −0.02177 0.14213 0.0723 −0.03981 0.23907
poi-2.0⇒ ant-1.6 0.31232 0.31232 0.32045 0.32593 0.31232 0.10796 0.33195 0.28966 0.3342
synapse-1.2⇒ ant-1.6 0.27652 0.28719 0.30632 0.28793 0.27534 0.26255 0.30476 0.30008 0.33066
camel-1.2-⇒ ant-1.6 0.06295 0.06295 0.10948 0.09873 0.07858 0.04234 0.1525 0.2285 0.23991
log4j-1.1⇒ ant-1.6 0.28163 0.28163 0.3078 0.282 0.31322 0.31347 0.30946 0.34729 0.33855
jedit-4.0⇒ ant-1.6 0.35986 0.42155 0.39313 0.36445 0.35986 0.19718 0.39551 0.38933 0.38788
xerces-1.2⇒ ant-1.6 0.01532 0.01532 0.07133 0.05505 0.00409 0.16364 0.22275 0.26642 0.29212
poi-2.0⇒ camel-1.2 0.03682 0.03682 0.14069 0.06086 0.03682 0.06813 0.14461 0.15724 0.14024
synapse-1.2⇒ camel-1.2 0.06439 0.03074 0.12416 0.06066 0.07132 0.06436 0.13364 0.12908 0.1365
ant-1.6⇒ camel-1.2 0.04939 0.09523 0.12176 0.05073 0.04967 0.03839 0.12408 0.11233 0.11659
log4j-1.1⇒ camel-1.2 0.09166 0.09166 0.13639 0.09786 0.11396 0.07834 0.13434 0.14573 0.15212
jedit-4.0⇒ camel-1.2 0.03497 0.08675 0.10638 0.05209 0.03497 0.03755 0.10656 0.10983 0.09542
xerces-1.2⇒ camel-1.2 −0.01612 −0.01612 0.01274 −0.09768 −0.02406 0.00661 −0.00094 −0.0585 0.11901
poi-2.0⇒ log4j-1.1 0.34681 0.34681 0.35831 0.34874 0.35447 0.13663 0.33868 0.25597 0.34083
synapse-1.2⇒ log4j-1.1 0.37894 0.36861 0.38509 0.39871 0.37735 0.23366 0.39654 0.33746 0.3779
ant-1.6⇒ log4j-1.1 0.5889 0.62453 0.47258 0.56073 0.55899 0.37714 0.4655 0.45587 0.46184
camel-1.2-⇒ log4j-1.1 0.19278 0.19278 0.15317 0.23627 0.18734 0.10121 0.16937 0.23757 0.20891
jedit-4.0⇒ log4j-1.1 0.36819 0.29175 0.44475 0.39534 0.36253 −0.08447 0.45811 0.33994 0.39918
xerces-1.2⇒ log4j-1.1 0.01931 0.01931 0.00468 −0.0952 −0.09753 −0.01279 −0.04716 0.086 0.26322
poi-2.0⇒ jedit-4.0 0.24747 0.24747 0.25445 0.22287 0.24747 0.1061 0.27782 0.28604 0.30378
synapse-1.2⇒ jedit-4.0 0.17792 0.16895 0.23304 0.23225 0.18486 0.28789 0.26698 0.29587 0.30022
ant-1.6⇒ jedit-4.0 0.37375 0.30008 0.36137 0.38006 0.382 0.44387 0.36069 0.36978 0.35436
camel-1.2-⇒ jedit-4.0 0.00603 0.00603 0.07677 0.15164 −0.00448 0.08119 0.20063 0.20544 0.27256
log4j-1.1⇒ jedit-4.0 0.19507 0.19507 0.24925 0.2402 0.20694 0.37714 0.26786 0.28423 0.30455
xerces-1.2⇒ jedit-4.0 −0.09664 −0.09664 −0.10951 0.32385 −0.0994 0.04146 0.32388 0.30976 0.33705
poi-2.0⇒ xerces-1.2 0.08842 0.08842 0.18916 0.08528 0.08842 −0.00485 0.16233 −0.00184 0.18799
synapse-1.2⇒ xerces-1.2 −0.02024 0.03874 0.0813 −0.00514 −0.02162 0.05058 0.07233 0.00823 0.13593
ant-1.6⇒ xerces-1.2 0.06153 0.0998 0.0946 0.06553 0.06257 0.10261 0.10304 0.01729 0.13992
camel-1.2-⇒ xerces-1.2 −0.22329 −0.22329 −0.16741 −0.20899 −0.21931 −0.06122 −0.12991 −0.11638 0.03224
log4j-1.1⇒ xerces-1.2 −0.03289 −0.03289 0.0768 −0.03442 −0.04051 0.08967 0.07766 0.0967 0.14149
jedit-4.0⇒ xerces-1.2 0.05384 0.08957 0.11957 0.06745 0.05384 0.08641 0.11435 −0.02059 0.14149
Average 0.13295 0.13845 0.16239 0.15334 0.12828 0.12355 0.18224 0.17822 0.22791
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Table 25: *e g-measure in 25% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.38074 0.38868 0.37042 0.37675 0.37333 0.45809 0.37071 0.42617 0.45927
ant-1.6⇒ poi-2.0 0.49524 0.55273 0.48179 0.4813 0.48763 0.50887 0.46142 0.49206 0.48525
camel-1.2-⇒ poi-2.0 0.19317 0.19317 0.19625 0.21137 0.18549 0.31783 0.21277 0.34897 0.2855
log4j-1.1⇒ poi-2.0 0.38311 0.38311 0.36507 0.38385 0.38144 0.50493 0.36358 0.42943 0.39939
jedit-4.0⇒ poi-2.0 0.51533 0.61828 0.48588 0.50396 0.51533 0.24225 0.47565 0.4752 0.52197
xerces-1.2⇒ poi-2.0 0.0548 0.0548 0.1964 0.02943 0 0.52032 0.05736 0.32597 0.59033
poi-2.0⇒ synapse-1.2 0.57678 0.57678 0.54783 0.64922 0.57678 0.2203 0.5796 0.59318 0.59626
ant-1.6⇒ synapse-1.2 0.66258 0.65539 0.64127 0.66496 0.65805 0.42423 0.65185 0.65022 0.65322
camel-1.2-⇒ synapse-1.2 0.18791 0.18791 0.19674 0.29682 0.18763 0.4172 0.30897 0.39927 0.37863
log4j-1.1⇒ synapse-1.2 0.47361 0.47361 0.47211 0.46827 0.4664 0.58372 0.4644 0.5256 0.54492
jedit-4.0⇒ synapse-1.2 0.67074 0.68789 0.66913 0.66144 0.67074 0.26807 0.65455 0.63063 0.64789
xerces-1.2⇒ synapse-1.2 0.10849 0.10849 0.14066 0.1456 0.06123 0.48958 0.20351 0.13909 0.52103
poi-2.0⇒ ant-1.6 0.5938 0.5938 0.61449 0.59029 0.5938 0.31106 0.61738 0.53558 0.61936
synapse-1.2⇒ ant-1.6 0.53161 0.58131 0.57408 0.53248 0.53005 0.61485 0.57092 0.56076 0.60824
camel-1.2-⇒ ant-1.6 0.22847 0.22847 0.24928 0.27998 0.24885 0.17634 0.32138 0.3871 0.42795
log4j-1.1⇒ ant-1.6 0.55516 0.55516 0.58427 0.55398 0.55763 0.64721 0.58324 0.63916 0.63472
jedit-4.0⇒ ant-1.6 0.69904 0.73123 0.70383 0.70135 0.69904 0.39194 0.70514 0.69837 0.70117
xerces-1.2⇒ ant-1.6 0.10908 0.10908 0.25724 0.26623 0.08211 0.48855 0.54038 0.54407 0.57483
poi-2.0⇒ camel-1.2 0.50962 0.50962 0.46286 0.52496 0.50962 0.22703 0.45602 0.38443 0.45397
synapse-1.2⇒ camel-1.2 0.50765 0.5009 0.49203 0.50713 0.51126 0.49803 0.49517 0.45866 0.49529
ant-1.6⇒ camel-1.2 0.52348 0.44842 0.52789 0.52407 0.52371 0.3825 0.52786 0.50584 0.52294
log4j-1.1⇒ camel-1.2 0.54332 0.54332 0.45766 0.54582 0.55343 0.52062 0.45673 0.45985 0.47235
jedit-4.0⇒ camel-1.2 0.50297 0.5015 0.51744 0.50551 0.50297 0.08559 0.52027 0.4984 0.5335
xerces-1.2⇒ camel-1.2 0.13632 0.13632 0.30054 0.0626 0.1279 0.46627 0.29136 0.27931 0.48771
poi-2.0⇒ log4j-1.1 0.58618 0.58618 0.59424 0.59684 0.59446 0.32934 0.57959 0.46732 0.5989
synapse-1.2⇒ log4j-1.1 0.68212 0.69161 0.66838 0.69969 0.67039 0.47629 0.68288 0.62527 0.67829
ant-1.6⇒ log4j-1.1 0.7593 0.72805 0.74169 0.77737 0.73511 0.46941 0.7354 0.71583 0.72148
camel-1.2-⇒ log4j-1.1 0.27774 0.27774 0.27654 0.40839 0.27755 0.31619 0.33671 0.45259 0.39525
jedit-4.0⇒ log4j-1.1 0.52964 0.57107 0.69869 0.60524 0.54806 0.25193 0.71677 0.59919 0.67803
xerces-1.2⇒ log4j-1.1 0.10699 0.10699 0.10691 0.05721 0 0.43487 0.07803 0.39786 0.55067
poi-2.0⇒ jedit-4.0 0.60148 0.60148 0.5608 0.62539 0.60148 0.29879 0.62134 0.60345 0.65043
synapse-1.2⇒ jedit-4.0 0.4971 0.52296 0.553 0.52188 0.49241 0.64929 0.58782 0.63753 0.6411
ant-1.6⇒ jedit-4.0 0.68967 0.65968 0.67333 0.70764 0.69636 0.6496 0.68749 0.70436 0.69073
camel-1.2-⇒ jedit-4.0 0.29305 0.29305 0.30287 0.55169 0.29398 0.2775 0.49509 0.49543 0.57816
log4j-1.1⇒ jedit-4.0 0.53395 0.53395 0.55166 0.55531 0.52358 0.70935 0.56675 0.63955 0.62187
xerces-1.2⇒ jedit-4.0 0.07054 0.07054 0.11215 0.67344 0.04768 0.3508 0.66916 0.64845 0.67185
poi-2.0⇒ xerces-1.2 0.51905 0.51905 0.59801 0.51804 0.51905 0.19585 0.57087 0.45156 0.59704
synapse-1.2⇒ xerces-1.2 0.44777 0.46602 0.52097 0.45635 0.44726 0.39801 0.51412 0.48908 0.50783
ant-1.6⇒ xerces-1.2 0.42268 0.39351 0.49441 0.42822 0.42601 0.27351 0.5022 0.48711 0.52555
camel-1.2-⇒ xerces-1.2 0.35254 0.35254 0.38542 0.36099 0.35484 0.29099 0.40415 0.42073 0.48448
log4j-1.1⇒ xerces-1.2 0.46503 0.46503 0.50713 0.46425 0.46132 0.42764 0.50804 0.50975 0.55772
jedit-4.0⇒ xerces-1.2 0.40958 0.47478 0.49183 0.43955 0.40958 0.30975 0.49161 0.46258 0.54245
Average 0.4378 0.44367 0.46055 0.47416 0.43104 0.40177 0.49139 0.50464 0.55494

Table 26: *e balance in 25% target project data.

Source-⇒Target NB Adaboost NB+WP NN DBSCAN filter VCB+ SVM NN+WP DTB Tsbagging
synapse-1.2⇒ poi-2.0 0.45286 0.45752 0.44299 0.44935 0.44856 0.49239 0.44178 0.47822 0.49939
ant-1.6⇒ poi-2.0 0.51809 0.55355 0.50977 0.5084 0.51246 0.52195 0.49744 0.50653 0.51354
camel-1.2-⇒ poi-2.0 0.36385 0.36385 0.36521 0.37253 0.36047 0.43848 0.37173 0.43685 0.40637
log4j-1.1⇒ poi-2.0 0.44931 0.44931 0.44305 0.45116 0.44832 0.52249 0.44257 0.46784 0.46283
jedit-4.0⇒ poi-2.0 0.52593 0.61834 0.50653 0.51409 0.52593 0.39103 0.49672 0.49868 0.53937
xerces-1.2⇒ poi-2.0 0.31134 0.31134 0.36846 0.30245 0.29198 0.54971 0.31367 0.42632 0.60543
poi-2.0⇒ synapse-1.2 0.58437 0.58437 0.56784 0.64926 0.58437 0.38635 0.59703 0.60794 0.60944
ant-1.6⇒ synapse-1.2 0.66196 0.65543 0.64166 0.66481 0.6581 0.48192 0.65153 0.64912 0.65365
camel-1.2-⇒ synapse-1.2 0.36525 0.36525 0.36895 0.42918 0.36454 0.49336 0.43427 0.47079 0.46723
log4j-1.1⇒ synapse-1.2 0.51308 0.51308 0.51408 0.51076 0.50945 0.58665 0.50915 0.55095 0.56559
jedit-4.0⇒ synapse-1.2 0.67072 0.68782 0.66922 0.66145 0.67072 0.40558 0.65487 0.63341 0.64832
xerces-1.2⇒ synapse-1.2 0.33275 0.33275 0.34437 0.35097 0.31475 0.52977 0.38293 0.34312 0.57644
poi-2.0⇒ ant-1.6 0.5999 0.5999 0.62083 0.59627 0.5999 0.43512 0.62193 0.55777 0.62335
synapse-1.2⇒ ant-1.6 0.55368 0.59083 0.5848 0.55391 0.55262 0.62334 0.5823 0.5747 0.61267
camel-1.2-⇒ ant-1.6 0.3822 0.3822 0.39278 0.41176 0.39164 0.36756 0.43063 0.46381 0.48857
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requirements for the distribution of dataset, and it is more
convenient to test whether there are differences between the two
groups of distribution.*e results of theWilcoxon rank sum test
show that the p value on all datasets is less than 0.05.*erefore, it
can be said that our experiment is statistically significant. In
addition, we use the box plot to analyze the experimental results.
*e box plot can show the overall distribution of the prediction
results, and the results also show that Tsbagging achieves better
defect prediction performance than others.

7. Conclusion and Future Work

*is paper proposes a CPDP method Tsbagging based on
semisupervised clustering. Tsbagging combines the semi-
supervised clustering method with the transfer learning
method to overcome shortcomings of traditional SDP
methods in CPDP. *e experimental results (the detailed
description of each experimental result is shown in Tables
15–26) show that it has some advantages in performance
compared with other defect prediction methods of Tsbag-
ging. In the future work, we will try to integrate the in-
formation in multiple source projects for knowledge transfer
based on the multisource transfer learning framework, so as
to help the classifier achieve better performance in CPDP.

Appendix

*is document shows the details of each experiment. Each
experimental dataset is represented in the form of (source
project⇒ target project) in this paper.
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