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ABSTRACT Heterogeneous cross-project defect prediction (HCPDP) aims to learn a prediction model from
a heterogeneous source project and then apply the model to a target project. Existing HCPDP works mapped
the data of the source and target projects in a common space. However, the pre-defined forms of mapping
methods often limit prediction performance and it is difficult to measure the distance between two data
instances from different feature spaces. This paper introduced optimal transport (OT) theory for the first
time to build the relationship between source and target data distributions, and two prediction algorithms
were proposed based on OT theory. In particular, an algorithm based on the entropic Gromov-Wasserstein
(EGW) discrepancy was developed to perform the HCPDP model. The proposed EGW model measures the
distance between two metric spaces by learning an optimal transfer matrix with the minimum data transfer
cost and avoids measuring the distance of two instances of different feature spaces. Then, to improve EGW
performance, an EGW+ transport algorithm based on EGW was developed by integrating target labels.
Experimental results showed the effectiveness of EGW and EGW+ methods, and proved that our methods
can support developers to find the defects in the early phase of software development.

INDEX TERMS Software engineering, software development, software maintenance, software defect.

I. INTRODUCTION
Software defect prediction (SDP) [1] is a hot research topic in
software engineering and is considered a binary classification
problem that can classify software modules into defective or
non-defective. An effective SDP method can help software
developers improve software quality by predicting potential
defects in advance. Traditional defect prediction methods aim
to build a prediction model based on some historical data in
a project, and make predictions on the remaining data, called
within-project defect prediction (WPDP). Researchers have
proposed a number of methods to solve the WPDP prob-
lem [2], [3], [4] and these methods require that the historical
data should be sufficient to construct the prediction model.
However, in practice, WPDP may not work well for a new
project because a new project has little or no labeled data to
train a classification model.
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An alternative solution is Cross-Project Defect Prediction
(CPDP) [5], [6], [7], [8] based on transfer learning, which
trains a prediction model by using the data collected from
other projects. Unlike the WPDP methods, the training and
test sets come from different projects. CPDP is called homo-
geneous cross-project defect prediction when the source and
target projects have the same metrics. However, practitioners
may use different metrics to measure the modules. Hence,
heterogeneous cross-project defect prediction (HCPDP) is
proposed [9] to solve this problem. Compared to CPDP with
homogeneous metrics, HCPDP is more difficult to adjust
the domain difference due to the different metrics. To solve
the HCPDP problem, researchers have drawn lessons from
transfer learning techniques [10], [11], [12], [13], [14], [15]
to eliminate the heterogeneity between source and target
projects.

Transfer learning used training data from the source
projects to improve the prediction performance in the target
projects [16]. When the feature space of the source and
target projects are different, the transfer learning is called
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heterogeneous transfer learning, which can be used in the
HCPDP works. The researchers considered transferring the
data from the source and target projects to a common space
using a learning mapping function. However, these functions
are often pre-defined in a hypothesis space, which can limit
feature transformation between two different distributions.
Specially, it is very difficult to directly measure the distance
between data instances with different feature representations.
These limitations can make the HCPDP model unstable.

Instead of distance measurement, optimal transport (OT)
theory [17] can transport samples from one distribution to
another by examining the minimum cost of transmission.
Recently, some studies applying OT for domain adapta-
tion [18], [19] have been reported. To the best of our knowl-
edge, OT theory has not been applied to the HCPDP task.

Inspired by OT theory, the entropic Gromov-Wasserstein
(EGW) discrepancy [20] is introduced for the first time to
perform heterogeneous transfer learning task by studying two
different distributions. It is a powerful tool in OT theory for
learning an optimal transport matrix that transfers data from
one metric space to another metric space. For the HCPDP
problem, the distributions of the target and source projects are
not the same because they have different metrics. Therefore,
HCPDP is one of heterogeneous tasks, and EGW can be
considered solving the HCPDP problem. To maintain label
consistency, we also proposed EGW+ by combining target
labels during transportation so that the same label could
follow a similar distribution in the target and source samples.
The main contributions of this study can be summarized as
follows:
• We for the first time introduced optimal transport into
HCPDP task.

• An EGW-based algorithm was designed to perform the
HCPDP task. It transferred the instances of the source
project to the target project by learning an optimal trans-
fer matrix.

• The labels of the target data were integrated into EGW-
based algorithm, and EGW+ was proposed. It can
ensure the optimal transmission scheme meets the label
consistency.

To evaluate the effectiveness of the proposed approach,
we conducted the experiments on 20 public datasets from
AEEEM, JIRA, NASA and PROMISE projects. Compared to
the state-of-the-art methods, the results indicated that the pre-
dictive models generated by two proposed algorithms could
achieve a desirable performance for the HCPDP task.

The rest of this paper is organized as follows: Section II
describes the related work. Section III presents the proposed
approach. Section IV illustrates the experimental setup, and
the results are given in Section V. Section VI provides dis-
cussions about the proposed approach and the main threats of
this study. Section VII concludes this study.

II. RELATED WORK
As HCPDP is the subject of this study, the other categories
of CPDP can be found in the survey [5]. To solve the

HCPDP problem, researchers designed the prediction models
based on transfer learning method. For example, Nam and
Kim [9] proposed the HDP_KS method that uses feature
selection and feature mapping to perform domain adaption.
In the work [21], transfer component analysis was proposed.
In addition, the authors extended their work by using the
normalization techniques to preprocess data. Liu et al. [22]
proposed a two-phase transfer learning method to improve
transfer component analysis. In the first phase, they designed
a source project estimator to select two similar projects. In the
second phase, two prediction models were built based on
the two selected projects, and their prediction results were
combined to improve performance. Li et al. [13] proposed
a set of novel HCPDP methods based on kernel correla-
tion alignment and ensemble learning to solve the linearly
problem. Li et al. [23] proposed a cost-sensitive label and
structure-consistent unilateral project (CLSUP) approach for
HCPDP, which applied domain adaption by combining a
limited set of target data and numerous source data. Jing et
al. [24] proposed a metric representation for source and target
project data, and then introducedCanonical CorrelationAnal-
ysis (CCA) in HCPDP. The results proved that their CCA+
approach can achieve better performance. He et al. [25] pro-
posed a method for distribution characteristic that analyzed
16 indicators. Cheng et al. [26] proposed amethod CCT-SVM
that takes into account different misclassification costs when
constructing the models via SVM to solve the imbalance
problem.

Recently, some researchers have investigated that the met-
ric of defective modules in the collected SDP datasets is often
higher than the metric value of non-defective modules. Zhou
et al. [27] concluded the supervised and unsupervised meth-
ods for CPDP and found that different methods can achieve
different performance on the same datasets. Zhang et al. [28]
studied two types of unsupervised classifiers:1) distance-
based classifier; and 2) connectivity-based classifier, and the
results proved that the connectivity-based classifier provides
a better solution for CPDP. Nam and Kim [10] proposed CLA
and CLAMI to perform prediction on unlabeled datasets. The
key idea of their approach was to label unlabeled datasets
using the size of metric values. Chen et al. [29] compared
different methods for the HCPDP task. The experimental
results also confirmed that the performance of HCPDPmodel
can depend on the defective datasets. These results may be
useful to improve CPDP performance in the future. Jiang
et al. [30] applied the Mahalanobis distance to deal with data
imbalance, but they required that the inverse of the sample of
covariance matrix must be present.

The difference between our approach and the current meth-
ods is that we for the first time introduced optimal transport
theory into the field of HCPDP, and proposed two strate-
gies based on the Gromov-Wasserstein entropic discrepancy,
which can transport the source data to the target project
with minimal transport cost. By learning the transportation,
a classifier can be trained using the transported samples and
target samples to predict the defects.
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FIGURE 1. The framework of the proposed approach.

III. PROPOSED APPROACH
This section presents the framework of the proposed approach
including the EGW and EGW+ algorithms, and Fig. 1
demonstrates the framework.

As can be seen in Fig. 1, the source data is first transported
by EGW discrepancy calculation, and the transport matrix is
obtained. After learning the transportation, an EGWmodel is
trained using the transported source data and applied to the
target data for prediction. Then, when some labeled target
data is known, we introduced the labels into the transporta-
tion, which can help label matching between transported
source and target data. By learning the new transportation,
an EGW+model is trained using the labeled target and trans-
ported source data. In order to describe the approach in detail,
the notations, the entropic Gromov-Wasserstein discrepancy,
the EGW and EGW+ algorithms are presented below.

A. NOTATIONS
For convenience of presentation, we denote the source data
and the target data as Ds = [d s1, . . . , d

s
ns ]

T
∈ Rns×dms ,Dt =

[d t1, . . . , d
t
nt ]

T
∈ Rnt×dmt , where n is the number of data, dm is

the dimension of the metric. The simplex of histograms with

N bins is 6N
def
={p ∈ R+N ;6ipi = 1}.

Finally, the entropy of transport matrix T is defined by

H (T) = −

ns∑
i=1

nt∑
j=1

Tij(logTij − 1), the set of couplings

between histogram p ∈ 6N1 and q ∈ 6N2 is Cp,q
def
={T ∈

(R+)N1×N2
;T IN2 = p,T⊤IN1 = q}, IN

def
= (1, . . . , 1)⊤ ∈

RN . For any tensor L = (Li,j,k,l)i,j,k,l and matrix T =
(Ti,j)i,j, the sensor matrix multiplication can be defined as

L ⊗ T
def
= (

∑
k,l
Li,j,k,lTk,l)i,j.

B. ENTROPIC GROMOV-WASSERSTEIN DISCREPANCY
Since the metric representations in two projects are differ-
ent in HCPDP, it is necessary to build the correspondence
between heterogeneous metric spaces for domain adaptation.
EGW is based on the optimal transport theory that seeks for a
best solution to transport a distribution to another distribution.
It does not calculate the distance, but directly measures the
cost of data transmission on the metric matrix of the source
and target data.

Given two distributions from the source and target projects,
they can be represented by two histograms ps and qt . Then
T, a joint distribution of ps and qt , is defined by T ∈ τ =

T ∈ Rns×nt |T1nt = ps,T
⊤1ns = qt }. Eq. (1) show the EGW

formula.

EGW (Cs,Ct , ps, qt ) = min
T∈Cps,qt

ECs,Ct (T)− εH (T)

ECs,Ct (T) =
∑
i,j,k,l

L(Cs
i,k ,C

t
j,l)Ti,jTk,l . (1)

In Eq. (1), Cs is a matrix representing a certain metric
on source samples, Ct is a matrix that represents metrics on
target samples, and they can be constructed by the linear
kernel matrix, Cs = DsD⊤s ,Ct = DtD⊤t ; C

s
i,k is the (i, k)-

th element of Cs,C t
j,l is the (j, l)-th element of Ct ; ε is the

entropic regularization term; L(Cs
i,k ,C

t
j,l) is the loss function

that measured the transport cost between Cs
i,k and C

t
j,l , and is

defined by L(Cs
i,k ,C

t
j,l) = (Cs

i,k − C
t
j,l)

2.
It can be investigated that Eq. (1) is a non-convex optimiza-

tion problem. By following the solution [20], the projected
gradient descent is applied to solve it, where the gradient
step and the project are based on Kullback-Leibler (KL)
divergence [31]. Then, T is firstly updated by

T← ProjKLCps,qt
(T⊙ e−τ (∇ECs,Ct (T)−ε∇H (T))) (2)

where τ > 0 is a small enough step size, and the KL projector
of the updated T is

ProjKLCps,qt
(T)

def
= argmin

T′∈Cps,qt

KL(T′
∣∣T) (3)

When the special case τ =1/ε, iteration Eq. (3) reads

T← τ (L(Cs,Ct )⊗ T,ps,qt ) (4)

where ⊗ denotes the tensor-matrix multiplication.
As described by [32], the projection is the solution to the

regularized transport problem, hence

ProjKLCps,qt
(T) = τ (−ε log(T),ps,qt ) (5)

Re-arrange the terms in Eq. (3), when τ = 1/ε, the desired
formula of Eq. (1) is given as follows:

∇ECs,Ct (T)− ε∇H (T) = L(Cs,Ct )⊗ T+ ε log(T) (6)

The above process involved the Iteration Eq. (4), in which
each update T applies a Sinkhorn projection [33]. To obtain
the corresponding convergence proof, more details can be
found in some work by Peyre et al. [20] and Yan et al. [34].

After the optimal transmission matrix T is calculated,
we can transport the source data to the target data, thereby
representing the source data in the metric space of the target
data. The transported source data Dtransported in the target
domain can be computed by the GW barycenter [20], which
is defined as

Dtranspoted = nsTDtarget (7)

As analyzed in Eq. (7), the transported source data have the
same numbers of metrics to that of target data.
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Algorithm 1 EGW-Based for HCPDP

Input: Ds = [d s1, . . . , d
s
ns ]

T
∈ Rns×dms , the label Ys of on

Ds, Dt = [d t1, . . . , d
t
nt ]

T
∈ Rnt×dmt

Output: Class labels for Dt .
1. Initialize τ , T, τ = 1,T1 = psq⊤t .
2. repeat

2.1. Compute Dtransported by Eq. (7)
2.2. Iterate T by Eq. (4).
2.3. Compute the gradient of the updated T by Eq.

(5).
2.4. Use Sinkhorn to solve Eq. (6) and update T.
2.5. τ : = τ + 1.
2.6. until Convergence.

3. Train a classifier on (Dtransported , Ys) with its label for
HCPDP.
4. Predict the label for Dt .

C. PREDICTION-MODEL GENERATED BY EGW
By learning the transportation, a classifier can be trained
using the transported source data, and then to predict the
defects in the target projects. Algorithm 1 summarizes the
main steps of EGW.

D. PREDICTION-MODEL GENERATED BY EGW+

By analyzingAlgorithm 1, it does not consider the target data.
If there are a few labels known in the target, it is necessary
to match the label condition distribution of two datasets.
Therefore, EGW+ is designed to make the samples with
the same label more closely distributed after transmission.
A regularization term ϕ(T), which is similar to the maximum
mean difference based on label conditions using a linear
kernel function [35], is added in Eq. (1). Then, Eq. (1) can
be changed as follows:

EGW (Cs,Ct , ps, qt ) = min
T∈Cps,qt

ECs,Ct (T)− εH (T)+ λϕ(T)

where

ECs,Ct (T) =
∑
i,j,k,l

L(Cs
i,k ,C

t
j,l)Ti,jTk,l, (8)

ϕ(T) is the labeled information, and it is defined as follows:

ϕ(T ) =
K∑
k=1

∥∥∥∥∥∥ 1
nsk

nsk∑
i=1

d transportedik −
1

nlk

nlk∑
i=1

d lik

∥∥∥∥∥∥
2

2

= ∥nsPTDt − QDt∥
2
F (9)

where nsk and n
l
k were the number of labeled source and target

data, d transportedik and d lik are the data with label k . The label
indicator matrices were P ∈ RK×ns ,Q ∈ RK×nl , which are
defined as follows:

Pk,i =

{
1/nsk if ysi = k,
0 otherwise;

Algorithm 2 EGW+-Based for HCPDP

Input: Ds = [d s1, . . . , d
s
ns ]

T
∈ Rns×dms , ysi ∈ Ys; Dt =

[d t1, . . . , d
t
nt ]

T
∈ Rnt×dmt , yli ∈ YT .

Output: Class labels for Dt .
1. Initialize τ , T, τ = 1,T1 = psq⊤t .
2. repeat

2.1. Compute Dtransported by Eq. (7)
2.2. Iterate T by Eq. (4).
2.3. Compute the gradient of the updated T by Eq.

(5).
2.4. Use Sinkhorn to solve Eq. (11) and update T.
2.5. τ : = τ + 1.
2.6. until Convergence.

3. Train a classifier on (Dtransported , Ys) and (Dt , Yt) for
HCPDP.
4. Predict the labels for Dt

Qk,i =

{
1/nlk if yli = k,
0 otherwise;

(10)

where the value of k is {0,1}, y represents the label.
In HCPDP datasets, there are two labels including defective
or non-defective. 0 represents non-defective and 1 represents
defective.

Finally, Eq. (8) is re-arranged as follows:

∇ECs,Ct (T)− ε∇H (T)+ λ∇ϕ(T)

= L(Cs,Ct )⊗ T+ ε log(T)+ 2λnsPT (nsPT − Q)DDT

(11)

In conclusion, Algorithm 2 is given to illustrate the steps of
the EGW+-based.

IV. EXPERIMETNAL SETUP
A. RESEARCH QUESTIONS
To investigate the effectiveness of the proposed algorithms,
we designed the following two research questions.
RQ1: How well EGW deals with HCPDP by using only

source projects as training data?
The proposed EGW algorithm did not consider the target

data, and only learn the transportation between source and
target distributions. This question is designed to evaluate the
effectiveness of EGW without the data of target projects.
RQ2: How well EGW+ deals with HCPDP by using a few

label data of target projects as training data?
EGW+ algorithm was designed to keep label consistency

between the transmitted source data and target data. This
question aims to investigate whether EGW+ can outperform
the baselines, which also used the target data information.

B. DATASETS
In the experiment, we used 20 datasets from different
projects including AEEEM [36], JIRA [37], NASA [38]
and PROMISE [39]. In fact, previous studies used differ-
ent those methods might perform better on the selected
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TABLE 1. Defect datasets.

datasets [9], [13], [24], [26], [54] but worse on the other
datasets. In order to keep the comparison fair, the datasets
used in common in all previous studies were used in this
paper. Table 1 shows the details of the defect datasets.
It should be noted that the metrics are not the same in every
project. This paper have released the codes and datasets at
https://github.com/Sevensweett/HCPDP for reproducing the
experiment.

C. EVALUATION MEASURES
Five widely used indicators to assess the predictive perfor-
mance were applied in this paper, including PD, PF, F1-score,
AUC and G-mean [40], [41], [42].

Because the HCPDP task is a binary classification task,
the final result can be True Positive (TP) indicating the num-
bers of actually predicted defective modules, False Positive
(FP) that denotes the numbers of incorrectly predicted non-
defective modules, True Negative (TN) that denotes the num-
bers of correctly predicted non-defective modules, or False
Negative (FN) that denotes the numbers of incorrectly pre-
dicted defective modules. Based on the four possible results,
the five evaluation indicators mentioned above are specifi-
cally defined as follows:
• PD, PF: PD (aka. recall, true positive rate) and PF
(aka. False positive rate) have long been widely used

as evaluation indicators for software defect predic-
tion [23], [43], [44], [45], and they analyzed that a
high-performing HCPDP model should have higher PD
and lower PF.

PD =
TP

TP+ FN
; PF =

FP
FP+ TN

(12)

• F1-score: Precision is used to evaluate the correctness of
a prediction model, and Precision= TP/(TP+FP), and
Recall is used to evaluate the possibility of correctly
predicted defects, andRecall=TP/(TP+FN). Therefore,
F1-score [23], [24], [46] integrates Recall and Precision
in a single indicator.

F1− score =
2× recall × precision
recall + precision

(13)

• AUC: AUC (Area Under Curve) [47], [48] is defined as
the area enclosed by the coordinate axis under the ROC
curve, PD is the X axis of the coordinate axis, and PF is
the Y axis. Since AUC is rarely affected by class imbal-
ance as well as being independent from the prediction
threshold, it has been widely used for evaluation and
analysis of software defect prediction [23], [49], [50].

• G-mean: It is the geometric mean of PD and (1-PF) [51].

G− mean =
√
PD× (1− PF) (14)

VOLUME 11, 2023 12019



X. Zong et al.: Heterogeneous Cross-Project Defect Prediction via Optimal Transport

TABLE 2. PD comparison between EGW and baselines.

All the above evaluationmeasures range from 0 to 1 [52].
Obviously, a better HCPDP model should yield higher
values for PD, F1-score, AUC, G-mean but lower PF.

D. EVALUATION SETTINGS
We selected one dataset from 20 datasets as the target, and
each of the remaining datasets was used as the source in turn.
Because this study focuses on prediction with heterogeneous
metrics, we did not perform defect prediction with the same
metrics. For example, if we selected EQ in AEEEM as the
target items, the other items in AEEEMwould not participate
in model building as source items.

To avoid the randomness, we repeated the above meth-
ods 20 times and reported the average results. For EGW,
all source data was transferred to get the same dimension
of the target data, and then the transferred source data was
used to train the classifier that was applied to predict the
target data. For EGW+, all transmitted source data and the
10% randomly labeled target data were used as training
data, and the remaining data were selected as test data.
The reason for selecting 10% of the target data is that
the baselines used the above data splitting in their works,
so this paper uses the same method to maintain a fair
comparison.

E. PARAMETER SETTINGS
In our approach, there are two parameters. The parameter ε

is related to the smoothness of the transport scheme. If ε is
too small, the transport matrix T would become dense. If ε

is too large, the transport matrix T would become sparse.
The parameter λ controls the effectiveness of the regular term
ϕ(T ). If λ is too small, the distribution alignment between the
labeled source and target data may be neglected. If λ is too

large, the measurement matrix matching between the source
and target data may be invalid.

V. EXPERIMENTAL RESULTS
A. ANSWER TO RQ1: The Effectiveness of EGW for
HCPDP TASK
1) METHODS
It is worth noting that there are many HCPDP methods
without using any target data. Since EGW is a method for
analyze the distribution between two projects, we chose those
methods only from the perspective of data distributions.
Additionally, ManualDown and ManualUp [27] have been
reported to be easy to implement and perform better thanmost
HCPDP works, so they have been chosen as the baselines in
recent articles although the twomethods completed the defect
prediction based on themselves and needed a number of
historical defective data of target project. Therefore, we also
selected them in this paper. To demonstrate the effectiveness
of cross-project defect prediction, WPDP is also selected
for comparison. The logistic regression (LR) classifier [53]
was chosen for all methods. The short descriptions of the
compared methods are listed as follows:

• ManualDown [27]. It was a simple unsupervised
method, which performed better than most of the exist-
ing works. ManualDown has been recognized as a new
baseline method of CPDP.

• ManualUp [27]. It was another unsupervised method
proposed by Zhou et al.

• CPDP_IFS [25]. It was an instance mapping method.
• HDP_KS [9]. In this work, metric selection and match-
ing were conducted to construct a prediction model
between projects with heterogeneous features.
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TABLE 3. PF comparison between EGW and baselines.

TABLE 4. F1-score comparison between EGW and baselines.

• EMKCA [54]. It combined the advantages of multi-core
learning and domain adaptive technology.

• CTKCCA [23]. In this work, cost sensitive learning was
used to alleviate the class imbalance problem, and the
transfer kernel canonical correlation analysis was used
to transform the source projects and target projects.

• WPDP [55]. It used 10% of the label data in the project
to build a defect prediction model, and the remaining
90% of the data was used as a test set to verify.

2) RESULTS
Tables 2-6 show the PD, PF, F1-score, AUC and G-mean
values of EGW compared with baselines. The last row in
the two tables represents the average values across 20 target
items and the best result is in bold font. As can be seen in

Tables 2-3, although the PD of ManualDown achieved the
highest, PF was also very high because this method used
model size in the target project to build simple prediction
model. For imbalanced datasets, it would bring a high PF rate.
On the contrary, EMKCA had the lowest PF, but its PD was
also the lowest. To sum up, the overall performance of EGW
on PD and PF was much better. In Tables 4-6, compared with
ManualDown, ManualUp, CPDP_IFS, HDP_KS, EMKCA,
CTKCCA and WPDP, EGW can improve the F1-score by
0.7%, 25.6%, 3.5%, 5.5%, 29.4%, 10.8%, and 3.1%. For
AUC, it is improved by 0.1%, 32.2%, 2.2%, 0.5%, 11.4%,
8.1%, and 1.6% and G-mean was improved by 0.1%, 33.3%,
4.8%, 6.9%, 50.9%, 24.8% and 15.3%. Although the result
difference between EGW and ManualDown was not large in
F1, AUC, and G-mean, the PF of ManualDown is 15% higher
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TABLE 5. AUC comparison between EGW and baselines.

FIGURE 2. Comparison of average ranks in F1-score of EGW.

than that of EGW, which indicated that more non-defective
samples were predicted to be defective.

To statistical analyze the performance of the above meth-
ods, we conducted the Friedman test with Nemenyi test as a
post hoc test with a 95% confidence level [52] used in some
CPDP studies [13], [36], [56]. To visualize the differences,
CD diagrams [57] can be obtained by

CD = q(α,L)

√
L(L + 1)

6M
(15)

where L represents the number of the method,M is the cross-
project pair’s number, and q (α, L) is a critical value based
on L. In the CD diagrams, the average rank of each method is
marked along the axis (higher ranks to the left).We connected
themwith a thick line if these approaches are not significantly
different under the Nemenyi test.

Most previous works selected F1-score, G-mean and AUC
to perform the statistical analysis. Therefore, as shown in
Figs 2-4, we have also provided the analysis of the three
indicators. It is shown that EGW performs better than all
other methods for F1-score and G-mean. For AUC, EGWwas
also in the top three. In general, EGW outperformed other
methods in HCPDP task.

FIGURE 3. Comparison of average ranks in AUC of EGW.

FIGURE 4. Comparison of average ranks in G-mean of EGW.

Then, Cliff’s delta [58], [59] was applied to calculate the
effect size of F1-score, AUC and G-mean between EGW and
baselines values. The mappings between δ and its level are
given in Table 7.

By analyzing the effect size of the three indicators in
Table 8 compared to other methods, there are four negli-
gible differences and seventeen non-negligible differences,
suggesting that EGW performs better than most methods.
It is worth noting that EGW and ManualDown do not have a
significant difference in performance. Therefore, EGW+was
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TABLE 6. G-mean comparison between EGW and baselines.

TABLE 7. Mappings δ between and its level.

FIGURE 5. Comparison of average ranks in F1-score of EGW+.

developed and the concrete results are shown in the next
section.

B. ANSWER To RQ2: The Effectiveness of EGW+

1) METHODS
There are several methods that used target data to construct
HCPDP model, but we found that those methods used differ-
ent datasets. For a fair comparison, we selected the methods
that have common datasets. For CCA+ [24] and CLSUP [23],
the two methods also used 10% of the target data during the
experiments. Meanwhile, we randomly added 10% of the tar-
get data for CPDP_IFS, HDP_LS, EMKCA, and CTKCCA to

FIGURE 6. Comparison of average ranks in AUC of EGW+.

FIGURE 7. Comparison of average ranks in AUC of EGW+.

ensure all the baselines use the same datasets. Similarly,Man-
ualDown and ManualUp, and WPDP were still considered,
and logistic regression (LR) was used as the basic classifier.
Since some baselines were introduced. Here, we have only
given the brief descriptions of CCA+ and CLSUP.

• CCA+. It introduced canonical correlation analysis into
HCPDP model.

• CLSUP. A cost-sensitive label and structure-consistent
unilateral projection approach was proposed to solve
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TABLE 8. Cliff’s delta of EGW versus baselines.

TABLE 9. PD comparison between EGW+ and baselines.

TABLE 10. PF comparison between EGW+ and baselines.

HCPDP. It alleviated the class imbalance problem by
cost-sensitive analysis.

2) RESULTS
In Tables 9-10, it can be seen that the PD of ManualDown
was still higher than EGW+ and PF of CTKCCA was lower

than EGW+, but PF ofManualDownwas higher than EGW+
and PD of CTKCCA was lower than EGW+. Therefore,
considering PD and PF comprehensively, EGW+ had the
more stable performance. Furthermore, Tables 11-13 shows
the F1-score, AUC and G-mean results of EGW+ and base-
line methods. We found that EGW+ performs better than
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TABLE 11. F1-score comparison between EGW+ and baselines.

TABLE 12. AUC comparison between EGW+ and baselines.

FIGURE 8. The variances of ε with three indicators in EGW.

the other methods. Compared with ManualDown, Manu-
alUp, CPDP_IFS, HDP_KS, EMKCA, CTKCCA, WPDP,
CCA+ and CLSUP, EGW+ can improve F1-score by

4.9%, 29.8%, 5.1%, 7.3%, 30.5%, 0.9%, 7.3%, 7.8%, and
3.1%, AUC by 9.4%, 41.5%, 9.1%, 6.9%, 15.9%, 9.4%,
10.9%, 10.3%, and 2.4%. For G-mean, it was improved by
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TABLE 13. G-mean comparison between EGW+ and baselines.

TABLE 14. Cliff’s delta of EGW+ versus baselines.

TABLE 15. Comparison results between EGW+ and EGW.

3.8%, 37.0%, 5.1%, 8.5%, 50.1%, 22.6%, 16.3%, 12.0%
and 3.6%.

Similarly, we also provided the analysis of CD dia-
grams and effect size. Figs 5-7 show that EGW+ performed
better against other compared methods in F1-score, AUC
and G-mean. In Table 14, compared with other methods,

there are two negligible differences and twenty-five non-
negligible differences, which indicated that EGW+ is dif-
ferent from most methods and the research results still make
sense.

It is obviously that EGW+ performed better than other
methods, which can prove the optimal transport can be used
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FIGURE 9. The variances of ε and λ with three indicators in EGW+.

TABLE 16. Results of five indicators with the best parameter ε in EGW.

to match the data distribution between two heterogeneous
domains. Possible reasons that they can achieve better results
are: 1) most of the baselines did not select all the metrics, but
only used the commonmetrics shared by the source and target
projects, which would limit HCPDP performance; 2) the
pre-definedmapping functions of the comparedmethodsmay
limit the performance.

C. COMPARISON RESULTS BETWEEN EGW AND EGW+

Although we cannot compare EGW with EGW+ directly
because they used different training data, we wanted to know
the adaptation of the two algorithms. Table 15 lists the com-
parison results of EGW and EGW+ in PD, PF, F1-score,
AUC and G-mean. Apparently, EGW+ can outperform better
than EGW, which indicated that the label information of the
training was useful to advance the classification performance.

As a whole, EGW was suitable when there was no defect
data in target project, and EGW+ performed well after a few
defects are labeled in target project.

VI. DISCUSSION
A. EFFECT OF PARAMETER SETTINGS
To explore the parameter variance for each dataset, we set ε

in the search place {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9,
10.0} and λ in the search place {0.0001, 0.0005, 0.001, 0.005,

0.01, 0.05, 0.1, 0.5, 1.0}. Since each project is different, two
algorithms cannot use the same parameters. Grid search was
used to find the best parameters for EGW and EGW+ on
each project. For example, we took JIRA as source project
and AEEEM as target project, Fig.8 shows the variance of
ε with three indicators in EGW. Obviously, when ε = 0.4,
F1-score, AUC and G-mean can achieve the best. Similarly,
Fig. 9 shows the variances of ε and λ with three indicators
in EGW+, and it can be found that the three indicators can
obtain the best values when =0.5 and =0.001. By following
the above process, Tables 16 and 17 list the best parameters
of EGW and EGW+ on each project.

B. TIME-EFFICIENCY
To illustrate whether EGW and EGW+ have the accept-
able training time. Table 18 shows the average training time
of our methods and other baselines on all datasets. Com-
pared to CPDP_IFS, EMKCA, CCA+, WPDP,ManualDown
and ManualUp, EGW and EGW+ have more training time
because the transfer matrix is time-consuming. In particular,
althoughWPDP,ManualDown andManualUp ran faster, they
required enough defective data of target project. Hence, they
are not suitable for a new project. In conclusion, EGW and
EGW+ are still acceptable under the premise of the resulting
high forecast accuracy.
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TABLE 17. Results of five indicators with the parameter ε and λ in EGW+.

TABLE 18. Average running time of each method on all datasets.

C. THREATS TO VALIDITY
Several potential threats to the validity are described in the
followings.

1) Bias of comparison. Most of the compared works
do not provide the program codes of their methods.
We implemented their methods by following their
papers. In addition, many methods have been pro-
posed to solve the HCPDP problems. But EGW and
EGW+ were designed from data distribution perspec-
tive, we chose only some representative unsupervised
and semi-supervised methods for comparison.

2) Bias of evaluation measures and settings. In this work,
the widely used measures of PD, PF, F1-score, AUC
and G-mean were selected to evaluate the results. Other
measures, such as matthews correlation coefficient is
left for future work.

3) Bias of classifier. Classification is a large research topic
andmany learningmethods can be used to construct the
classifiers. As investigated in previous studies, Logistic
regression has been used widely. Therefore, this work
also applied Logistic regression to build the classifiers.

4) Bias of datasets. There are several benchmark datasets
used in cross-project defect prediction, such as Relink,
and SOFTLAB, and some datasets contain different
versions of each project such as tomcat of PROMISE,
jruby of JIRA. More datasets will be used in the future.

VII. CONCLUSION
For HCPDP task, the source and target data have different
features, which impelled researchers considered applying

transfer learning to solve HCPDP problems. Most previous
works studied how to learn featuremapping functions in order
to put the source and target data in a common space. However,
these methods proposed the pre-defined mapping functions,
which often affect the effect of feature transformation.

To avoid learning specific mapping function for HCPDP
model, optimal transport theory can implement how to trans-
fer data instances from one distribution to another by cal-
culating transmission cost. We designed an algorithm based
the entropic Gromove-Wassertein (EGW) distance to learn
the data transmission scheme between two different metric
spaces. The EGW model considers the transmission cost
between metric spaces without directly measuring the dis-
tance between two data instances from different feature
spaces. Then, by combining the label information of the target
data, an EGW+ algorithm was designed to improve EGW.
The experimental results showed that the HCPDP modes
based on EGW and EGW+ could achieve competitive pre-
dictive performance.

For the future work, more datasets and baselines will be
used to verify the proposed approach. In addition, we will
extend the optimal theory to improve HCPDP performance
by introducing the unlabeled target data.
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