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ARTICLE INFO ABSTRACT

Editor: Marcos Kalinowski Determining inconsistent software defect predictions in machine learning-based systems poses a significant
challenge. To address this issue, we propose the utilization of Metamorphic Testing (MT) incorporating the
“symmetry” metamorphic relation pattern (MRP) to transform the training datasets for training follow-up sys-
tems. In contrast, original datasets are employed to train source systems. By comparing the occurrence of
inconsistent predictions between source and follow-up systems and analysing the efficacy of this approach, we
aim to shed light on its effectiveness. Additionally, Explainable Artificial Intelligence (XAI) is employed to
explain the inconsistencies observed. The results demonstrate that the “symmetry” MRP can induce inconsistent
predictions, and XAI techniques can effectively elucidate such inconsistencies. Moreover, we find that the
ordering of small-sized and imbalanced datasets can contribute to inconsistencies when using the KMeans,
Random Forests or Convolutional Neural Network algorithm for software defect prediction systems. To further
advance this research, future studies can extend the proposed approach by incorporating additional MRPs in
domains that utilize machine learning algorithms to identify and explain inconsistencies. Another promising
research avenue involves investigating the relationship between data imbalance, dataset size, and MRPs to
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enhance the identification of inconsistencies and derive more robust MRs.

1. Introduction

Software defect prediction plays a crucial role in reducing repair
costs by detecting defects early in the software development process. As
a result, it has emerged as a significant area of research (Bala et al.,
2022; Zhang et al., 2020). While machine learning techniques have been
employed to enhance the performance of software defect prediction
(Bala et al., 2022; Hemandez-Molinos et al., 2021), it is imperative to
ensure the accuracy of prediction results. To address this concern, our
study delves into the application of Metamorphic Testing (MT) for
identifying inconsistent predictions. We propose five Metamorphic Re-
lations (MRs), which are derived from the symmetry Metamorphic
Relation Patterns (MRPs), and conduct experiments on seven Software
Defect Prediction Systems (SDPSs) to showcase the feasibility of MT in
this context.

In this study, we employ MRs to generate follow-up datasets for
training follow-up SDPSs, while the original datasets are used to train
the source SDPSs. Our objective is to compare the occurrence of
inconsistent predictions between the source and follow-up SDPSs and
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evaluate the effectiveness of this approach. Additionally, we leverage
Explainable Artificial Intelligence (XAI) technology, specifically SHAP
(SHapley Additive exPlanations), to provide explanations for the iden-
tified inconsistent predictions.

To guide our investigation, we formulate two research questions:
“RQ1. Can MT identify inconsistent predictions?” and “RQ2. If so, can
XAI provide additional explanations for the inconsistent predictions
identified by MT?”. The results of our study demonstrate that MT suc-
cessfully identifies inconsistent predictions in SDPSs. Furthermore, we
find that altering the order of data can lead to inconsistent predictions in
four subject SDPSs. XAl through the calculation of feature contributions
using SHAP, provides reasonable explanations for the observed incon-
sistent predictions. These calculated contributions offer insights into the
impact of changing the data order on SDPSs.

Furthermore, the utilization of the proposed MRs can serve as an
effective validation tool for the K-Nearest-Neighbours (KNN), Support
vector machine (SVM) and Logistic Regression (LR) algorithms. Incor-
porating MT in conjunction with XAI can effectively identify inconsis-
tent predictions of the KMeans, Random Forests (RF) and Convolutional
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Neural Network (CNN) algorithms. This integrated approach aims to
reduce uncertainty and provide a means for further examination and
investigation.

In this paper, we conducted experiments on seven SDPSs utilizing
various machine learning algorithms across eighteen publicly available
datasets. The primary contributions of this study are as follows:

Identification and Explanation of Inconsistent Predictions: We
successfully identify and provide explanations for the inconsistent pre-
dictions observed in the seven SDPSs, which implement diverse machine
learning algorithms, using our proposed MRs. Notably, this is the first
instance of combining MT and XAI techniques to detect and explain
inconsistent predictions in SDPSs.

Effective Validation of SDPSs: Our proposed approach demon-
strates its efficacy in effectively validating SDPSs. This signifies that the
approach holds promise for extension to other machine learning-based
systems, enabling the identification and explanation of inconsistent
predictions in various domains.

The subsequent sections of this paper follow a structured framework.
Section 2 delineates the background and related work of this research,
encompassing three crucial aspects: software defect prediction, meta-
morphic testing, and explainable artificial intelligence. Section 3 ex-
pounds on the proposed approach employed in this study and furnishes
an overview of the experiment’s design and implementation process. In
Section 4, the results will be presented and comprehensively discussed.
The threats to the validity of this study are covered in Section 5. Finally,
Section 6 encapsulates the conclusion and explores potential avenues for
future research.

2. Background

This section briefly introduces software defection prediction, the
preliminary knowledge of MT and Explainable Artificial Intelligence.

2.1. Software defect prediction

Recommending the likelihood of defects in programs is the primary
function of software defect prediction (Wang et al., 2021; Xu et al.,
2022), and the later the defect is discovered, the higher the correction
cost; thus, applying software defect prediction at the early stage of
software development is essential (Hemandez-Molinos et al., 2021).
Software defect prediction is an important and active research topic in
software engineering (Bala et al., 2022; Zhang et al., 2020). One com-
mon approach is based on the features extracted from software modules
to recommend the likelihood of defects, and “Code metrics” and “Pro-
cess metrics” are the two main types of software features metrics (Bala
et al.,, 2022; Sreedevi et al., 2019; Wang et al., 2021). The metrics
become the training data of SDPSs, and various machine learning
techniques, such as K-Nearest-Neighbours, K-means, Naive Bayes, Sup-
port Vector Machine, Random Forests, Logistic Regression and Con-
volutional Neural network, have been widely applied to SDPSs (Bala
et al., 2022; Batool and Khan, 2022; He et al., 2015; Hemandez-Molinos
et al., 2021; Laradji et al., 2015; Pachouly et al., 2022).

Various advanced designs have been also proposed, such as an
augmented-code property graph-based defect prediction method that
uses code’s graph representation combined with neural network to
generate graph of defect region candidates to predict defects (Xu et al.,
2022), supervised gated hierarchical long short-term memory networks
extracted semantic features of abstract syntax trees of source code and
features provided by the PROMISE repository to predict defects (Wang
et al., 2021), unsupervised software defect prediction approach used
threshold derivation for clustering to label the data points for defect
prediction (Kumar et al., 2022). Ensemble different machine learning
techniques and attention mechanisms to predict software defects can
also provide more detailed information on the location of defects in code
(Zhang et al., 2020). Cross-project defect prediction method (CPDP) is
another software defect prediction approach that uses data from other
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source projects. This method is particularly beneficial when the target
project has insufficient labelled data. Using defect knowledge from
multiple source projects (Liu et al., 2022), applying transfer learning
techniques to CPDP (Tang et al., 2021), or applying statement semantic
learning and maximum mean discrepancy techniques to CPDP (Liu et al.,
2021) can improve the performance and stability of defect prediction on
the target project.

Although there are many advancements in software defect prediction
technology, evaluating the performance of machine learning-based
SDPSs is a test oracle problem because the systems can only predict at
best with the given training data and can only find the local optimum
rather than the global optimum. To address the test oracle problem,
Metamorphic Testing is a commonly used technique (Sun et al., 2022;
Xiao et al., 2022; Xie et al., 2020; Ying et al., 2021; Zhang et al., 2021;
Zhou et al., 2020).

2.2. Metamorphic testing (MT)

Metamorphic Testing (MT) was introduced by Chen et al. (2020) as
an approach to alleviate the problem of test oracles by verifying the
relations between the inputs and outputs across multiple test executions
of the programs or systems under examination. The major component of
MT is metamorphic relations (MRs), which are the “expected” re-
lationships between inputs and outputs across multiple software exe-
cutions. If these MRs fail in various software executions, which means
the output results are not as expected with inputs, then a fault of soft-
ware is revealed (Segura et al., 2019; Zhang et al., 2021; Zhou et al.,
2020).

For example, a mathematical property of the sine function is that “sin
(x) = sin(x - x)”. The corresponding MR is that if two function inputs x1
and x2 satisfy “x1 + x2 = n”, then two function outputs should be equal,
i.e., sin(x1) = sin(x2). Based on MR, x2 is constructed based on x1 and
sin(x1). Therefore, we refer to x1 as a source input and x2 as a follow-up
input. Such relations can be used to test the program as if the outputs of
sin(x1) and sin(x2) are different. The implementation for this function
“sin()” must have faults as it violates the above MR (Zhang et al., 2021).

MT has been applied to alleviate test oracle problems in many do-
mains of applications and compilers (Segura et al., 2018), such as bio-
informatic software (Stacy et al., 2022), machine learning classifiers
(Ellis et al., 2021; Riccio et al., 2020; Saputra and Suharjito, 2019; Xie
et al., 2011), cryptographic software (Pugh et al., 2019), online search
engines (Segura et al., 2019), validating highly inter-related systems
(Chua et al., 2021), and test order generation (Zhang et al., 2021). The
concept of MT can also be applied to defined MRP and input patterns for
creating multiple concrete MRs to enhance the understanding of systems
(Zhou et al., 2020) or to assist in identifying MRs in testing query-based
systems (Segura et al., 2019). Furthermore, an MR template with field
operational test logs can generate MRs automatically for more robust
testing in an autonomous robot vehicle case study (Cho et al., 2022;
Deng et al., 2023; Luu et al., 2024).

2.3. Explainable artificial intelligence (XAD

Although MT is a valuable tool in validating machine learning
models, understanding the model’s decision-making process is essential
(Molnar, 2020). Despite applications of machine learning algorithms
that have been implemented in various areas, there is still significant
potential for improvement, and understanding the basis for the final
decisions made by these models remains challenging (Lin et al., 2024;
Zheng et al., 2022). This lack of transparency complicates the estab-
lishment of trust between humans and machines (Ajorloo et al., 2024;
Lin et al., 2024; Zheng et al., 2022). In addition, the 2022 program so-
licitation “NSF22-502: National Artificial Intelligence (AI) Research
Institutes: Accelerating Research, Transforming Society, and Growing
the American Workforce” of U.S. National Science Foundation (NSF) has
stated that AI system is trustworthy as “beyond reliability and
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dependability, Al systems should exhibit transparency, accountability
and explainability, among other attributes, in order to be deemed
trustworthy” (NationalScienceFoundation, 2022). Therefore, ensuring
the explainability of AI and machine learning systems is vital for
fostering trust between humans and machines (Ajorloo et al., 2024; Lin
etal., 2024; Zheng et al., 2022), and XAl plays a key role in clarifying the
decision-making processes of these models (Bagheri et al., 2020; Zhang
et al., 2022).

Two commonly used XAI technologies in explaining machine
learning models are Local Interpretable Model-Agnostic Interpretation
(LIME) and Shapley explanations (SHAP) (Molnar, 2020; Poth et al.,
2020). The idea of LIME is to create an understudy of the target machine
learning model and train it to approximately explain individual pre-
dictions of the target model (Molnar, 2020). SHAP is based on coali-
tional game theory, which explains prediction by “assuming that each
feature value of the instance is a player in a game where the prediction is
the payout” (Molnar, 2020), to measure each feature’s contribution
towards the prediction and calculates “Shapley values”, and this value
can explain the decision by the features’ contributions (Molnar, 2020;
Poth et al., 2020). XAI has been applied in explaining landslides pre-
diction models (Pradhan et al., 2023), prediction models in the medical
domain (Hauser et al., 2022; Loh et al., 2022; Sheu and Pardeshi, 2022),
and malicious network traffic identification models (Zebin et al., 2022).
Together with MT, XAI has also been applied to evaluate interpretation
methods of the Deep Neural Network model (Fan et al., 2022), to search
for regions of misclassified images detected by the Deep learning model
(Torikoshi et al., 2023), and to search for defects caused by the incorrect
decision of Deep Neural network (Yuan et al., 2022).

Thus, this study aims to apply MT to identify inconsistent predictions
of SDPSs and XAl to explain identified inconsistent predictions. The goal
is to gain a deeper understanding of why the system produces incon-
sistent predictions. We demonstrate the feasibility and practicality of
this proposed approach through a comprehensive scaled experiment.

3. Methodology

This section describes the setup of the experiment. It defines the
research objective and research questions of our experiment. Then, it
describes the subject systems and data used in the experiment. There-
after, it discusses the detailed experimental design, including environ-
ment configuration, measurement, experimental procedure, dataset
preparation, and parameter setting.

3.1. Research objective and questions

Traditionally, MT identifies system faults through MR violations
(Segura etal., 2019; M. Zhang et al., 2021; Zhou et al., 2020). We aim to
explore if these violations clarify inconsistent predictions. Therefore, the
main objective of this experiment is to establish the feasibility of MT by
implementing the proposed MRs, which are derived from the Zhou
etal.’s (2020) symmetry MRP, outlined in Section 3.2. By applying these
MRs, we aim to identify inconsistent predictions within SDPSs. After we
identify the inconsistent predictions, we apply XAI technology for
further explanations and understanding. To achieve these goals, we
address the following two research questions:

RQ1: Can MT identify inconsistent predictions? We evaluate the
capacity of the proposed MRs by counting the occurrence of incon-
sistent predictions related to proposed MRs. This study assesses the
efficacy of MRs by quantifying inconsistent prediction occurrences
aligned with MRs.

RQ2: If so, can XAI provide additional explanations for the
inconsistent predictions identified by MT? If inconsistencies
arise, we select such cases for XAl-based explanations, in order to
assess the capacity of XAI for further explanations of inconsistencies.
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3.2. Proposed metamorphic relations (MRs)

This study adopts Zhou et al.’s (2020) symmetry MRP of MT to
identify inconsistent predictions of SDPSs. Zhou et al. (2020) explore
innovative applications of MRs that go beyond their conventional use in
MT. They introduced the symmetry MRP and this pattern facilitates the
generation of multiple specific MRs, which can uncover previously un-
known failures in widely-used applications. The symmetry MRP “refers
to the existence of different viewpoints from which the computer system
appears the same” (Zhou et al., 2020, p. 1126). For example, regardless
of what query languages are used for the inputs of the system, as long as
the meanings of the queries are preserved, and from this perspective, the
system should behave and perform the same. This study specifically
examines the symmetry MRP, focusing on the concept of symmetry. It
operates on the premise that predictions should remain unchanged as
long as the semantic meanings of the data are preserved. In essence,
systems should produce similar predictions using both source and
follow-up datasets, provided that the contents of the datasets remain
intact. If the MRs are not upheld, it indicates inconsistency.

Based on the symmetry MRP, we derive our MRs only change the
order of data (not the contents) and assume the same results should be
returned. We further explore whether different data ordering can cause
inconsistent predictions. We select reverse, ascending and descending
ordering and create five symmetric MRs that are inspired by Zhou et al.’s
(2020) idea of symmetry, in order to understand the behavior of systems
(Zhou et al., 2020). If there is violation of MRs, this violation can
highlight the inconsistent predictions caused by the order of data. Five
MRs are as follows:

MR1 - Reverse Order: This pattern reverses the order of source data
from its original order and expects source and follow-up outputs to
contain the same set of results. As only the order of the data is altered
reversely, there is no change in the contents or meaning of data; thus,
SDPSs with the source and follow-up training should produce identical
outputs. For example, if we consider the training datasets “1, 2, 3, 4, 5, 6,
7,8,9,10” and “10, 9, 8, 7, 6, 5, 4, 3, 2, 1,” both sets contain the same
content, and SDPSs, trained on either dataset should predict identical
results with the same testing datasets.

For the following four MRs, they are using ascending and descending
ordering. We use numeric features in ascending and descending order,
where only the order of the data is altered. The contents and meaning of
the data remain unchanged; therefore, SDPSs with the source and
follow-up training should yield identical outputs.

As we are changing the ascending and descending ordering of source
data, we need to select numeric features, and the order of those features
should be independent of other features. Thus, we select the feature “bug
number” (bug) and feature “line of codes” (loc) to manipulate the order
of the training datasets. We chose these two features because they are
the only ones that do not use the code content for measurements, as they
only measure how many lines of code and how many bugs there are in
the instance, unlike the other features, which measure the cohesion and
coupling between codes (Jureczko and Madeyski, 2010). We believe that
arranging the order of the datasets based on the values of features “loc”
and “bugs”, which do not use the code content for measurements, will
not affect the contents of the training datasets. For example, training
datasets such as “9, 6, 4, 3, 2, 5,1, 7, 10, 8, “10,9, 8,7, 6, 5,4, 3,2,1,”
and“1,2,3,4,5,6,7,8,9, 10” are all seen as having the same content by
the SDPSs. As a result, SDPSs, trained on any of these datasets should
yield identical results with the same testing datasets.

MR2.1 - Ascending first order by feature ‘bug number’ (bug) and
ascending second order by feature ‘line of codes’ (loc): This pattern
sorts the order of source data by firstly using the feature ‘bug number’
and secondly using the feature ‘line of codes’ in ascending order. If the
values in the first-order feature are the same, we use the second-order
feature to sort the data. It expects source and follow-up outputs to
contain similar results.

MR2.2 - Descending first order by feature ‘bug number’ (bug)
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and descending second order by feature ‘line of codes’ (loc): This
pattern sorts the order of source data by firstly using the feature ‘bug
number’ and secondly using the feature ‘line of codes’ in descending
order. If the values in the first-order feature are the same, we use the
second-order feature to sort the data. It expects source and follow—up
outputs to contain similar results.

MR3.1 - Ascending first order by feature ‘line of code’ (loc) and
ascending second order by feature ‘bug number’ (bug): This pattern
sorts the order of source data by firstly using the feature ‘line of code’
and secondly using the feature ‘bug number’ in ascending order. If the
values in the first-order feature are the same, we use the second-order
feature to sort the data. It expects source and follow—up outputs to
contain similar results.

MR3.2 - Descending first order by feature ‘line of code’ and
descending second order by feature ‘bug number’: This pattern sorts
the order of source data by firstly using the feature ’line of code’ and
secondly using the feature ‘bug number’ in descending order. If the
values in the first-order feature are the same, we use the second-order
feature to sort the data. It expects source and follow—up outputs to
contain similar results.

3.3. Experiment design
Our experiment includes six steps.

Step 1. We randomly select twenty per cent of data of source datasets
as test datasets and the rest as train datasets.

Step 2. This study uses MRs of MT for transforming the training
datasets to train follow-up SDPSs. We apply the proposed MRs
(Section 3.2) to create five follow-up train datasets for each source
train dataset. This study has eighteen source datasets, creating ninety
follow-up datasets.

Step 3. We train SDPSs with source datasets to create source SDPSs
and train SDPSs with follow-up datasets to create follow-up SDPSs.
Step 4. We use source SDPSs and follow-up SDPSs to predict test
datasets.

Step 5. We compare the prediction results and select inconsistent
predictions from each test dataset.

Step 6. We use SHAP to explain and analyze the inconsistent pre-
dictions (Fig. 1).

Seven subject SDPSs are trained with eighteen subject source data-
sets, so there are one hundred and twenty-six source SDPSs. Five MRs
have been applied to eighteen subject source datasets to generate ninety
follow-up datasets. With seven subject SDPSs, there are six hundred and
thirty follow-up SDPSs. We conducted one test trial with each associated
test dataset for associated source SDPSs and follow-up SDPSs. Thus,
there are one hundred and twenty-six test trials for source outputs and
six hundred and thirty trials for follow-up outputs. Conclusively, we
conducted seven hundred and fifty-six test trials in total.

3.4. Shapley XAI technology (SHAP)

This research selects SHAP to explain the identified inconsistent
predictions of SDPSs because SHAP provided features’ contributions
(Molnar, 2020; Poth et al., 2020), which makes comparison possible. By
comparing the features’ contributions between source and follow-up
SDPSs, we can analyse the relationship between features’ contribu-
tions and inconsistent predictions, and the relationship between the MRs
and features’ contributions.

3.5. Subject under test (SUTs)
This experiment selected the following different and commonly used

machine learning models for software defect prediction (Arora and
Saha, 2018; Bala et al., 2022; Batool and Khan, 2022; Elish and Elish,

The Journal of Systems & Software 227 (2025) 112449

‘ SDPS | ‘ SDPS \

Train with Train with
C> follow-up source <:I
datasets datasets

Follow-up Source
SDPS SDPS
Predict with Test Predict with
tost datasets datasots tost datasets

Source
predictions

Source
Training

Follow-up
Training

datasets datasets

Follow-up
predictions

(Follow-up
outputs)

(Source
outputs)

Compare and select inconsistent predictions

Inconsistent
predictions

Explain and analyse
inconsistent predictions

Fig. 1. Illustration of Step 3 to Step 6.

2008; He et al., 2015; Hemandez-Molinos et al., 2021; Jureczko and
Madeyski, 2010; Laradji et al., 2015; Pachouly et al., 2022). All SUTs
used the standard configurations to implement in this study (Section
3.7).

K-Nearest-Neighbors (KNN) classifies data into certain classes based
on the parameter “k”, which is the minimum neighborhood size of
considered nearest neighbors. It uses the distance function to measure
the similarity between instances and assigns the most common class of
processing instance’s k nearest neighbors to the processing instance
(Chen et al., 2022; Jiang et al., 2007; Sathe and Adamuthe, 2021); thus,
“k” is the most crucial hyper-parameter in KNN as this could affect the
performance of the model (Chen et al., 2022).

K-Means (KMeans) uses squared Euclidean distance as the similarity
measure to select instances with the minimal sum of squared distances
between them for building clusters, and the number of clusters is set by
the user (Venkatkumar and Shardaben, 2016; Z. Xu et al., 2021). In the
“scikit-learn” library, there are two expectation-maximization (EM) al-
gorithm options to choose (SciKit-Learn, 2022), and we treat each
K-Means model with different EM algorithm options as two separated
SDPSs. The first K-Means model uses the “Lloyd” EM algorithm option
(KMeans(Lloyd)), which is based on observation to optimize one cluster
given the other (SciKit-Learn, 2022). The second K-Means model uses
the “Elkan” EM algorithm (KMeans(Elkan)), which uses triangular
inequality to simplify distance calculations for clustering (SciKit-Learn,
2022).

Convolutional Neural network (CNN) is one of the typical deep
learning algorithms used in software defect prediction (Batool and Khan,
2022; Pachouly et al., 2022). CNN is constructed from convolutional,
pooling, merge, and fully-connected layers. The convolutional layers
learn defect features from multiple views of instruction sequences. The
pooling layers perform down-sampling operations to gather extracted
information. The merge layers combine feature vectors of all views
before feeding to the fully connected layers for computing the final class
scores (Phan and Le Nguyen, 2017).
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Random Forests (RF) is one of the mostly used clustering-based al-
gorithms for software defect predictions. RF uses hyperbagging or
averaging methods of different decision trees to give prediction results.
These methods can help to improve performance and reduce the chance
of overfitting the problems (Bala et al., 2022; Hemandez-Molinos et al.,
2021; Laradji et al., 2015).

Support vector machine (SVM) is a supervised learning model with
associated learning algorithms typically used for classification and
regression analysis by finding the optimal hyperplane that maximally
separates samples into two different classes. The predictions for the data
are based on which side they fall on. The functions which perform this
mapping into the space are called kernel functions (Arora and Saha,
2018; Elish and Elish, 2008; He et al., 2015).

Logistic Regression (LR) is a probabilistic statistical regression model
for categorical prediction. It works by fitting data to a logistic curve and
is particularly useful for predicting a binary response from a binary
predictor. This method helps predict the outcome of a categorical
dependent variable based on one or more features (He et al., 2015;
Laradji et al., 2015).

Therefore, this experiment employed seven SDPSs using different
machine learning algorithms: KNN, SVM, RF, LR, CNN, KMeans(Lloyd)
and KMeans(Elkan).

3.6. Dataset

This study has chosen the publicly available and widely used soft-
ware defect data repository “PROMISE” (Bala et al., 2022) as the subject
dataset. PROMISE data repository is designed for “research to predict
effort and defect of a software” (Karim et al., 2017), which serves the
intent of this study. We selected all eighteen datasets from PROMISE. As
this study applies MRs to the data, only the numeric features are used, so
twenty-one features of each dataset are chosen. As this is a two-class
classification experiment, we have labelled the data as “defect” if the
defect number is more than zero and “non-defect” if the defect number is
zero.

3.7. Environment

This experiment environment included using an “Intel Core” i7 CPU
with 64 GB RAM, “Windows 10” operating systems, “Jupyter Notebook”
development platform and “Python” programming language and related
libraries, such as “scikit-learn” and “tensorflow”, for machine learning
algorithms and “shap” for XAl Standard parameters and options were
applied to all subject systems. The option of cluster number was set to
two because this is a “two classes” classification experiment. The option
of the minimum number of neighbors to form a class was set to seven
because it is one-third of the smallest test dataset (log4j-1.1) in this
study. In addition, we use SVM with the Radial Basis Function (RBF)
kernel (SciKit-Learn, 2024) and set the “random seed” parameters to a
fixed number, the “batch size” parameter for CNN to thirty-two and the
“epoch” parameter for CNN to ten, in order to reduce the randomness in
the program. However, there is no option for the KMeans to set a fixed
random seed (SciKit-Learn, 2022).

3.8. Measurement

This experiment measures the differences between the prediction
outcomes of SDPSs trained by source datasets and SDPSs trained by
follow-up datasets (more details in Section 3.3). Let the predictions of
source SDPS be Psyyrce = [Vs1, Vs2 ---Ysnl- Let the predictions of follow-up
SDPS be Pryliow-up = [Yp1s Yp2> ---¥pnl- We consider the difference between
Pyource and Projiow-yp as “Inconsistent prediction” and let Pinconsistent be the
number of predictions that differ between Pyoyree and Proiow-up-

This study uses “Inconsistent Prediction Trial Count” (IPC) to count
how many test trials contain one or more inconsistent predictions. If any
test trial has Pinconsistent larger than zero, we add one to IPC. We also use
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“Inconsistent Prediction Rate” (IPR) to calculate the percentage of
inconsistent prediction in the total number of predictions in each test
trial as Eq. (1). If there is no difference between source output and
follow-up output, IPC and IPR are zero, and the SDPS is insensitive to the
associated MR. Otherwise, these two measurements can show the
inconsistent prediction caused by MRs.

P, inconsistent

IPR =
Total number of predictions D

7Where P, inconsistent — P source P, “follow—up

This study also uses prediction accuracy rate (ACC) and Matthew
correlation coefficient (MCC) (Chicco and Jurman, 2020). These mea-
surements can show any relationship between MRs and prediction ac-
curacy. Let Tj, be the actual positives that are correctly predicted, T, be
the actual negatives that are correctly predicted, F; be the actual neg-
atives that are wrongly predicted as positives, and F, be the actual
positives that are wrongly predicted negatives. ACC in this study is
calculated as Eq. (2), and MCC is calculated as Eq. (3). Although ACC
and MCC can be affected by class imbalance problems, this study mainly
focuses on inconsistent predictions, not prediction performance, so ACC
and MCC are supplementary measurements.

T, + T,

ACC =
T, + T, + F, + F,

(2)

T,x T, — F, x F,
VT +F) x (T, +F) x (T + F) x (To+Fy)

MCC = 3

For the statistical analysis, we use the “Paired T-test” to compare the
features’ contributions, interpreted by the XAI technology, between
source and follow-up SDPSs. This study chooses the alpha level of 0.01
as the threshold for statistical significance. It means that if the proba-
bility value of the t-test is below 0.01, the t-test result is considered
statistically significant (Moore et al., 2009). In other words, the differ-
ence between source and follow-up SDPSs is significant. In this experi-
ment, we also use the “Cohen’s d” formula (Sullivan and Feinn, 2012) to
measure the effect size, which is the “raw difference between group
means” (Sullivan and Feinn, 2012, p. 279). It is calculated as Eq. (4).
This measurement is applied to the t-test results, which are very close to
0.01. In this way, if the effect size is around or larger than 0.8, we will
also consider the result significant even if the statistical difference is on
the edge of significance (Sullivan and Feinn, 2012).

Cohen'sdeffectsize = (M1 — M2)/s @

, where (M1 - M2) is the difference between the group means (M), and (s) is
the standard deviation of either group.

4. Result and discussion

In this section, we study the violations with all subject SDPSs and
MRs to assess the efficacy of MRs (RQ1). Then, we assess the capacity of
XAI for further explanations with the selected inconsistent cases (RQ2).
Finally, we analyze the findings further to gain insights from the
experiment.

4.1. Violation with MRs

In this section, we discuss the violation with the proposed MRs. No
SDPS violates one or two MRs. Subject SDPSs either violated all MRs or
none (Tables 1 and 2). KMeans(Elkan) had the same results as KMeans
(Lloyd) (Tables 1-4). KMeans(Lloyd) and KMeans(Elkan) had the
highest average IPRs in this study, even though their IPCs are smaller
than CNN (Tables 1 and 2). Table 2 shows that KMeans(Lloyd) and
KMeans(Elkan) had average IPRs of around 38.55 % to 55.65 %,
meaning that each test trial had at least 38 % of predictions considered
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Table 1 Table 5
List of IPC in percentage. IPC of CNN against each dataset.
SDPS MR1 MR2.1 MR2.2 MR3.1 MR3.2 Dataset Size MR1 MR2.1 MR2.2 MR3.1 MR3.2
KNN 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % ant-1.7 149 1 1 1 1 1
SVM 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % camel-1.0 68 0 0 0 0 0
LR 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % camel-1.6 193 1 1 1 1 1
RF 6.00 % 6.00 % 11.00 % 11.00 % 6.00 % data_arc 45 0 0 0 0 0
KMeans(Lloyd) 50.00 % 50.00 % 61.11 % 61.11 % 66.67 % data_ivy-2.0 71 1 0 0 0 1
KMeans(Elkan) 50.00 % 50.00 % 61.11 % 61.11 % 66.67 % data_prop-6 129 1 1 1 1 1
CNN 77.78 % 72.22 % 72.22 % 72.22 % 72.22 % data_redaktor 35 0 0 0 0 0
jedit-3.2 55 1 1 1 1 1
jedit-4.2 74 1 1 1 1 1
log4j-1.1 22 1 1 1 1 0
Table 2 lucene-2.0 39 1 1 1 1 1
List of average IPR. poi-2.0 63 1 1 1 1 1
synapse-1.0 32 0 0 0 0 0
SDPS MR1 MR2.1 MR2.2 MR3.1 MR3.2 synapse.1.2 o 1 1 1 1 1
KNN 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % velocity-1.6 46 1 1 1 1 1
SVM 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % xalan-2.4 145 1 1 1 1 1
LR 0.00 % 0.00 % 0.00 % 0.00 % 0.00 % xerces-1.2 88 1 1 1 1 1
RF 0.36 % 0.36 % 0.52 % 0.52 % 0.36 % xerces-1.3 91 1 1 1 1 1
KMeans(Lloyd) 38.55 % 40.08 % 55.65 % 44.72 % 55.34 % Total 14 13 13 13 13
KMeans(Elkan) 38.55 % 40.08 % 55.65 % 44.72 % 55.34 %
CNN 4.60 % 3.84 % 2.68 % 3.80 % 2.53 %
Table 6
IPC of KMeans(Lloyd) against each dataset.
Table 3 .
. Dataset Size MR1 MR2.1 MR2.2 MR3.1 MR3.2
List of average ACC.
ant-1.7 149 1 1 1 1 1
SDPS Source  MR1 MR2.1 MR2.2  MR3.1 MR3.2 camel1.0 68 1 1 0 1 o
KNN 89.39 89.39 89.39 89.39 89.39 89.39 camel-1.6 193 1 1 0 1 1
% % % % % % data_arc 45 0 0 1 0 0
SVM 94.43 94.43 94.43 94.43 94.43 94.43 data_ivy-2.0 71 0 1 1 1 1
% % % % % % data_prop-6 129 1 1 0 1 1
LR 98.10 98.10 98.10 98.10 98.10 98.10 data_redaktor 35 0 0 1 0 1
% % % % % % jedit-3.2 55 1 0 0 1 1
RF 98.77 99.13 99.13 98.97 98.97 99.13 Jedit-4.2 74 1 1 0 1 1
% % % % % % log4j-1.1 22 0 0 1 1 1
KMeans 60.67 56.11 66.28 32.89 65.00 48.11 lucene-2.0 39 0 0 1 0 0
(Lloyd) % % % % % % poi-2.0 63 0 1 0 0 1
KMeans 60.67 56.11 66.28 32.89 65.00 48.11 synapse-1.0 32 0 0 1 1 1
(Elkan) % % % % % % synapse-1.2 52 0 1 1 1 0
CNN 85.22 86.11 84.78 84.61 83.22 85.33 velocity-1.6 46 1 0 0 0 0
% % % % % % xalan-2.4 145 1 0 1 1 1
xerces-1.2 88 1 0 1 0 1
xerces-1.3 91 0 1 1 0 0
Total 9 9 11 11 12
Table 4
List of average MCC.
SDPS Source  MR1 MR21  MR2.2 MR31  MR3.2 datasets. Even Table 2 shows CNN had average IPRs around 2.68 % to
4.60 %, which means each test trial had less than 5 % of predictions
KNN 06/06'65 06/06'65 06/06'65 66.65 % 06/06'65 5/06‘65 considered inconsistent on average, CNN is considered sensitive to the
sVM 8274 8274 8274  8274% 8274 8274 proposed MRs.
% % % % % RF had 6 % IPCs with MR1, MR2.1 and MR3.2, whereas 11 % with
LR 94.25 94.25 94.25 94.25%  94.25 94.25 MR2.2 and MR3.1. It is because RF only had inconsistent cases with two
% % % . % % datasets, “data_redaktor” and “velocity-1.6" (Table 7). Table 2 shows
RE 09/5‘77 09/:3'52 09/5'52 9595 % 09/5‘95 09/5'52 that RF had average IPRs of around 0.36 % to 0.52 %, meaning that each
KMeans 14.77 211%  17.48 2055 11.94 _6.56 test trial had less than or equal to 0.52 % of predictions considered
(Lloyd) % % % % % inconsistent on average. Although Tables 3 and 4 show that the average
KMeans 1477  211% 1748  -2055 1194  -6.56 ACCs and MCCs of RF are the highest in this study, RF is considered
(Elkan) % % % % % sensitive to the MRs.
CNN 33.84 41.55 28.45 31.28%  27.38 34.07 . . L.
% % % % % This study expected that the proposed MRs would yield similar re-

inconsistent on average. Tables 3 and 4 show that the average ACCs and
MCCs of KMeans(Lloyd) and KMeans(Elkan) are the lowest in this study,
and KMeans(Lloyd) had inconsistent predictions with at least one MR of
all eighteen datasets (Table 6). All results show that KMeans(Lloyd) and
KMeans(Elkan) are sensitive to all the proposed MRs.

CNN had the highest IPCs in the study, as Table 1 shows that over 70
% of all test trials had one or more inconsistent predictions. Table 5
shows that CNN had no inconsistent predictions in four out of eighteen
datasets but had inconsistent predictions with all five MRs in twelve

sults (Section 3.2). However, MR1, MR2.1, MR2.2, MR3.1, and MR3.2
produced different IPCs, IPRs, ACCs and MCCs (Tables 1-4). This in-
dicates that the results were not as consistent as expected.

The findings reveal that altering the order of training data, which are
the proposed MRs, can lead to inconsistencies in KMeans(Lloyd),
KMeans(Elkan), RF and CNN. Furthermore, all the inconsistent cases
across the various SDPSs can be identified by the proposed MRs because
this experiment measures the differences in prediction outcomes be-
tween SDPSs trained on source datasets and SDPSs trained on follow-up
datasets, both of which use the same test dataset for comparison.
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Table 7
IPC of RF against each dataset.
Dataset Size MR1 MR2.1 MR2.2 MR3.1 MR3.2
ant-1.7 149 0 0 0 0 0
camel-1.0 68 0 0 0 0 0
camel-1.6 193 0 0 0 0 0
data_arc 45 0 0 0 0 0
data_ivy-2.0 71 0 0 0 0 0
data_prop-6 129 0 0 0 0 0
data_redaktor 35 0 0 1 1 0
jedit-3.2 55 0 0 0 0 0
jedit-4.2 74 0 0 0 0 0
log4j-1.1 22 0 0 0 0 0
lucene-2.0 39 0 0 0 0 0
poi-2.0 63 0 0 0 0 0
synapse-1.0 32 0 0 0 0 0
synapse-1.2 52 0 0 0 0 0
velocity-1.6 46 1 1 1 1 1
xalan-2.4 145 0 0 0 0 0
xerces-1.2 88 0 0 0 0 0
xerces-1.3 91 0 0 0 0 0
Total 1 1 2 2 1

Consequently, the proposed MRs from the MT approach are capable of
identifying test cases that result in inconsistent predictions.

Answering RQ1: Results show that proposed MRs of the MT
approach can induce and identify inconsistent predictions of SDPSs
using KMeans(Lloyd), KMeans(Elkan), RF and CNN algorithms. These
identified inconsistencies allow for examining whether XAI can be used
to explain the inconsistencies further in the next section.

4.2. Inconsistent predictions with XAI-explanation

In this section, we use XAl to interpret the inconsistencies with each
of the machine learning algorithms that had violated cases.

4.2.1. CNN

As CNN has violated fourteen datasets, we select one inconsistent
case from each of the violated datasets (Table 5) and use SHAP to
explain the features’ contributions to inconsistent prediction between
source SDPS and follow-up SDPSs (Table 8). Then, we use multiple
paired T-tests to examine the differences between the features’ contri-
butions (Table 9).

SHAP explained the features’ contributions of source and follow-up
SDPSs on the inconsistent prediction of the selected test instance
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Table 9
Multiple Paired T-test results of features’ contributions of predicting test case
#57 of “poi-2.0” between source and follow-up SDPSs using CNN.

Paired T- p-value = P(T < t) two- t-score Reject HO: mean difference
test group tail (alpha=0.01, (df=20) == 0 (p-value ( 0.01 or t-
df=20) score ) 2.8453)
Source vs 0.9271 0.0927 No
MR1
Source vs 0.3160 1.0286 No
MR2.1
Source vs 0.8990 0.1286 No
MR2.2
Source vs 0.8645 0.1729 No
MR3.1
Source vs 0.5734 0.5725 No
MR3.2

 t-critical(alpha=0.01, df=20) = 2.8453, where it is paired t-test with 21
features of dataset PROMISE, thus degree of freedom is 20 (21-1).

number 57 of the “poi-2.0” dataset (Table 8). Table 9 shows the multiple
paired T-test results between the lists of features’ contributions of source
and follow-up SDPSs, and all of them are not significantly different,
which can be interpreted as the prediction result of test instance number
57 of the “poi-2.0” dataset can differ with a slight change in the features’
values, which is caused by the order change in training data.

Table 10 shows that the multiple paired T-test results of features’
contributions of all the selected test instances with inconsistent pre-
dictions from eighteen datasets are insignificant as all the p-values are
larger than the alpha level (0.01). These results matched the high IPC
and low IPR of CNN because the differences in features’ contributions
are minor, so there are only several inconsistent predictions in each
violated dataset. Thus, the inconsistent prediction caused by the order of
data can be difficult to detect. In addition, CNN had over 83 % average
ACC and over 27 % average MCC (Tables 3 and 4), which can be mis-
interpreted as the model is stable. Therefore, MT and XAI are valuable
tools for CNN as they explain that the sequence of the data is critical to
CNN and changing the order of data could affect the features’ contri-
butions, even slightly, and lead to inconsistent predictions.

We then examine the differences in the contribution of each feature.
Table 11 displays the differences in the percentage of features’ contri-
butions between source and follow-up. The result indicates that the
proposed MRs significantly impact the feature “dam”, which stands for
“Data Access Metric” (Ferenc et al., 2018; Jureczko and Madeyski,
2010), in the “poi-2.0” dataset from PROMISE (Table 11). This can be

Table 8
Illustration of SHAP explains inconsistent prediction of test case #57 of “poi-2.0” with source and follow-up SDPSs using CNN by features’ contributions.

Feature Source MR1 MR2.1 MR2.2 MR3.1 MR3.2
wmc —5.19E-04 3.93E-03 —1.85E—-03 —3.71E-04 —1.75E-02 2.94E-03
dit 6.83E—02 1.23E-04 —3.13E-03 —3.06E—02 —1.13E-02 —1.44E-02
noc —1.77E-03 —7.67E—04 —3.79E—-04 —2.42E-03 —3.35E—-03 —4.17E-04
cbo 2.10E-02 6.46E—03 3.43E-03 —1.01E-03 —3.10E—-02 9.47E—-03
rfc 2.38E-02 —9.24E-04 7.91E-03 —7.17E-03 1.00E-02 5.59E-03
lcom 3.98E-02 —5.02E—-03 1.18E-03 1.54E-03 5.80E—02 5.08E—03
ca 1.25E-02 —6.41E—-04 —4.61E—-03 9.57E—-04 3.16E-01 9.73E—-04
ce 2.89E-03 4.16E—-03 —3.71E-03 —2.31E-04 —5.05E-03 —9.06E—-03
npm —2.92E-02 —3.11E-04 —2.27E-03 1.03E-03 —5.50E-02 3.18E-03
lcom3 —2.75E—-02 —3.80E—-03 —5.95E—-03 —4.94E—-03 —3.29E-02 —6.68E—03
loc —8.62E—-03 5.04E-03 1.46E—-03 5.79E—-04 5.82E-03 —6.64E—03
dam —1.09E—-04 1.92E-02 —1.54E-03 —1.77E-02 —6.96E—02 —2.31E-02
moa 1.38E-02 —9.01E-03 —8.55E—-03 —3.91E-03 3.97E-03 —6.27E—-03
mfa —1.20E-01 —1.97E-02 —1.78E—-02 —2.19E-02 —1.06E—02 —2.15E-02
cam 3.29E-02 —2.64E—04 —5.73E-03 —4.72E-03 —1.64E—-02 —1.40E-02
ic 2.43E-02 9.94E-03 —7.48E—-03 —1.56E—02 —5.12E-03 —3.16E—-02
cbm 1.40E-02 —1.08E—-02 5.72E-03 —5.22E-03 —1.50E—-02 —7.49E—-03
amc —1.66E—02 —5.33E-03 —1.39E-03 —4.98E—-03 —1.56E—02 —9.55E-03
max_cc —2.38E-01 1.38E-02 —1.86E—02 5.76E—02 —1.18E-01 2.25E-02
avg_cc —9.12E-02 —3.47E-01 2.42E-03 —2.23E-01 —2.96E-01 —6.39E-02
bug —1.08E-01 —9.77E—-03 —2.64E—-02 —5.83E—-02 —3.15E-03 —3.98E-02
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Table 10
Multiple Paired T-test results of features’ contributions of predicting all selected
inconsistent cases between source and follow-up SDPSs using CNN*.

Dataset Paired T-test group p-value = P(T < t) two-tail Reject HO:
(alpha=0.01, df=20) mean
Source Source Source Source Source ilf_fe(;e(l:_:e
vs MR1  vs vs vs vs o
MR2.1 MR2.2 MR3.1 MR3.2 value <
) ) ) ) 0.01)
ant-1.7 0.6231 0.3629 0.3756 0.1579 0.4083 No
camel-1.6 0.6835 0.5485 0.6138 0.5314 0.8792 No
data_ivy- 0.6038 Nil nil nil 0.2675 No
2.0
data_prop- 0.8196 0.7256 0.9405 0.3549 0.5106 No
6
jedit-3.2 0.4266 0.6545 0.6035 0.7409 0.4160 No
jedit-4.2 0.5625 0.9757 0.6568 0.9193 0.5598 No
log4j-1.1 0.2717 0.8345 0.7099 nil 0.6851 No
lucene-2.0 0.7662 0.8107 0.4689 0.2053 0.7786 No
poi-2.0 0.9271 0.3160 0.8990 0.8645 0.5734 No
synapse- 0.7685 0.4583 0.6382 0.6369 0.4207 No
1.2
velocity- 0.6404 0.6431 0.7157 0.9559 0.1082 No
1.6
xalan-2.4 0.5574 0.4124 0.6856 0.7596 0.7260 No
xerces-1.2 0.9245 0.6545 0.8797 0.9093 0.8780 No
xerces-1.3 0.8187 0.7454 0.1270 0.9061 0.4166 No

2 “nil” means there is no inconsistent case.

Table 11

Ilustration of SHAP explains inconsistent prediction of test case #57 of “poi-2.0”
with source and follow-up SDPSs using CNN by the differences in percentage of
features’ contributions.

Feature  Diff(%) Diff(%) Diff(%) Diff(%) Diff(%)
Source vs Source vs Source vs Source vs Source vs
MR1 MR2.1 MR2.2 MR3.1 MR3.2
wmc 856.65 % 257.23 % 28.52 % 3275.53 % 665.51 %
dit 99.82 % 104.59 % 144.75 % 116.59 % 121.07 %
noc 56.67 % 78.59 % 36.89 % 89.38 % 76.44 %
cbo 69.19 % 83.65 % 104.80 % 248.02 % 54.82 %
rfc 103.88 % 66.75 % 130.13 % 57.91 % 76.51 %
lcom 112.60 % 97.04 % 96.12 % 45.65 % 87.23 %
ca 105.12 % 136.79 % 92.36 % 2423.35 % 92.23 %
ce 43.91 % 228.34 % 107.99 % 274.71 % 413.39 %
npm 98.94 % 92.24 % 103.50 % 88.11 % 110.86 %
Icom3 86.17 % 78.37 % 82.03 % 19.48 % 75.70 %
loc 158.44 % 116.93 % 106.72 % 167.53 % 22.90 %
dam 17,711.01 1308.26 16,180.73 63,725.69 21,048.62
% % % % %
moa 165.09 % 161.75 % 128.26 % 71.33 % 145.33 %
mfa 83.61 % 85.23 % 81.81 % 91.15 % 82.14 %
cam 100.80 % 117.45 % 114.35 % 149.81 % 142.71 %
ic 59.13 % 130.78 % 164.31 % 121.06 % 229.94 %
cbm 177.13 % 59.16 % 137.27 % 206.86 % 153.51 %
amc 67.96 % 91.62 % 70.05 % 6.34 % 42.59 %
max_cc 105.80 % 92.16 % 124.25 % 50.48 % 109.47 %
avg_cc 280.34 % 102.65 % 144.35 % 224.45 % 29.91 %
bug 90.99 % 75.68 % 46.29 % 97.10 % 63.33 %

interpreted as changing the order of training dataset can significantly
influence how CNN calculates the contribution of feature “dam”, which
is “the ratio of the number of private (protected) attributes to the total
number of attributes declared in the class” (Jureczko and Madeyski,
2010, p.3).

This impact is especially pronounced with MR3.1, which is sorting
the training data with features “loc” and “bug”. Thus, MT with XAI can
give further explanations with the selected inconsistent cases (#57 of
the “poi-20” dataset) as the sorting of training data can affect how CNN
consider the feature “dam”, consequently leading to changes in its
predictions.
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4.2.2. KMeans

We selected the same test instance number 57 of the “poi-2.0”
dataset used in CNN for SHAP to explain (Table 8). Tables 12 and 13
present the multiple paired T-test results comparing the features’ con-
tributions of source and follow-up SDPSs using KMeans(Lloyd) and
KMeans(Elkan). The results show that KMeans(Elkan) and KMeans
(Lloyd) are significantly different between source, MR2.1 and MR3.2
(Tables 12 and 13) as they have inconsistent predictions in the “poi-2.0”
test dataset with MR2.1 and MR3.2 only. With the same inconsistent
case, these results show that KMeans(Lloyd) and KMeans(Elkan), which
are highly sensitive to the order of data, considered test instance number
57 as a case with different features’ contributions.

To understand further, we select one inconsistent case from each of
the eighteen datasets and use SHAP to explain the features’ contribu-
tions to inconsistent predictions between source SDPSs and follow-up
SDPSs. Then, we use multiple paired T-tests to examine the differences
between the features’ contributions. Tables 14 and 15 show the multiple
paired T-test results of features’ contributions of all the selected incon-
sistent test cases between source and follow-up SDPSs.

Almost all the results are statistically significant, as most p-values are
below the alpha level of 0.01. Thus, the chance of inconsistent predic-
tion caused by the order of data is significant, and KMeans is sensitive to
changes in the order of data. Thus, MT and XAI reveal that the order of
data can bring inconsistencies for KMeans(Lloyd) and KMeans(Elkan).

Tables 16 and 17 show the differences in the percentage of features’
contributions between source, MR2.1 and MR3.2. As KMeans(Lloyd)
and KMeans(Elkan) have inconsistent predictions in the “poi-2.0” test
dataset with MR2.1 and MR3.2 only, we only calculate the differences
between source, MR2.1 and MR3.2. However, the features’ contribu-
tions explained by XAI do not provide deeper insights, as all the dif-
ferences in weightings are quite similar. While XAI reveals notable
variations in the contributions of all features between the source,
MR2.1, and MR3.2, we did not identify any significant differences in the
contribution of any individual feature when comparing the source and
the follow-up.

4.2.3. RF

Since RF only has violations with datasets “data_redaktor” and “ve-
locity-1.6", we select one inconsistent case from each of the violated
datasets (Table 7) and used SHAP to explain the features’ contributions
to inconsistent prediction between source SDPS and follow-up SDPSs
(Table 18). Then, we performed multiple paired T-tests to examine the
differences in features’ contributions.

SHAP explained the features’ contributions of source and follow-up
SDPSs on the inconsistent prediction of test instance number 44 of the
“velocity-1.6" dataset (Table 18). Table 19 displays the multiple paired
T-test results between the lists of features’ contributions of source and
follow-up SDPSs. None of the differences were statistically significant,
suggesting that the prediction for test instance number 44 from the
“velocity-1.6” dataset can vary with only slight changes in feature
values, a result attributed to the change in order of the training data.

Table 20 presents the multiple paired T-test results of all the selected
test instances with inconsistent predictions from two datasets between
source and follow-up. The results are insignificant as all the p-values are
exceeding the alpha level of 0.01. These results matched the low IPC and

Table 12
Multiple paired T-test results of features’ contributions of predicting test case
#57 of “poi-2.0” between source and follow-up SDPSs using KMeans(Lloyd).

Paired T- p-value = P(T < t) two- t-score Reject HO: mean difference
test group tail (alpha=0.01, (df=20) == 0 (p-value ( 0.01 or t-
df=20) score ) 2.8453")
Source vs 0.0003 4.3061 Yes
MR2.1
Source vs 0.0003 4.3780 Yes

MR3.2
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Table 13
Multiple paired T-test results of features’ contributions of predicting test case
#57 of “poi-2.0” between source and follow-up SDPSs using KMeans(Elkan).

Paired T- p-value = P(T < t) two- t-score Reject HO: mean difference
test group tail (alpha=0.01, (df=20) == 0 (p-value ( 0.01 or t-
df=20) score ) 2.8453%)
Source vs 0.0002 4.4682 Yes
MR2.1
Source vs 0.0002 4.5415 Yes
MR3.2

low IPR of RF because the differences in all feature contributions are
insignificant, so there are only several inconsistent predictions in each
violated dataset.

Thus, the inconsistent predictions caused by the order of data can be
difficult to detect. Furthermore, RF achieved the highest average ACCs
and MCCs in the experiment (Tables 3 and 4), which could mislead one
into thinking that the model is stable. Consequently, MT and XAI prove
to be valuable for RF, clarifying that the sequence of data is crucial; even
minor changes in the order can slightly influence feature contributions,
leading to inconsistent predictions.

Table 18 illustrates the differences in features’ contributions

Table 14
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between source and follow-up. The result shows that proposed MRs
significantly impact one feature: “bug”, which refers to the total number
of bugs (Jureczko and Madeyski, 2010). In contrast, the contributions of
all other features become negligible. This finding suggests that the order
of the training dataset can significantly influence RF model’s calculation
of the “bug” feature’s contributions. Thus, MT with XAI can provide
additional explanations for the selected inconsistent cases (#44 of the
“velocity-1.6" dataset) as the sorting of training data affects how RF
evaluates the feature’s contribution of “bug” and lead to a change in the
prediction of RF.

Answering RQ2: The results demonstrate that XAI can offer deeper
explanations and insights into the inconsistent predictions of SDPSs
using CNN and RF by identifying the features’ contributions towards the
inconsistent predictions. Thus, our proposed approach with MT and XAI
to identify and explain inconsistencies of SDPSs is feasible.

4.3. Further analysis
In this section, we further analyse the findings with “zero violation

with MRs, “ characteristic of algorithms”, and ‘“characteristic of
datasets”.

Multiple paired T-test results of features’ contributions of predicting all selected inconsistent test cases between source and follow-up SDPSs using KMeans(Lloyd)".

Dataset Paired T-test group p-value = P(T < t) two-tail (alpha=0.01, df=20) Reject HO: mean difference == 0 (p-value< 1.00E-02)
Source vs MR1 Source vs MR2.1 Source vs MR2.2 Source vs MR3.1 Source vs MR3.2
ant-1.7 4.93E-04 4.05E-04 5.19E-04 4.11E-04 6.26E-04 Yes
camel-1.0 5.28E-03 6.01E-03 5.61E-03 Nil Nil Yes
camel-1.6 5.73E-05 6.88E-05 Nil 1.78E-04 8.43E-08 Yes
data_arc Nil nil 8.85E-07 Nil Nil Yes
data_ivy-2.0 Nil 1.85E-03 2.78E-09 2.60E-09 3.51E-09 Yes
data_prop-6 4.47E-07 5.57E-07 Nil 3.98E-07 1.42E-02 Yes
data_redaktor nil nil 2.05E-06 nil 1.71E-06 Yes
jedit-3.2 3.72E-02 nil Nil 4.04E-02 3.51E-02 Yes
jedit-4.2 7.95E-08 1.95E-07 Nil 8.44E-08 9.31E-08 Yes
log4j-1.1 nil nil 4.66E-07 2.35E-07 1.74E-07 Yes
lucene-2.0 nil nil 2.27E-09 nil Nil Yes
poi-2.0 nil 7.43E-03 Nil nil 6.83E-03 Yes
synapse-1.0 nil Nil 1.85E-02 3.16E-06 4.03E-06 Yes
synapse-1.2 nil 3.00E-04 3.91E-04 3.44E-04 Nil Yes
velocity-1.6 1.47E-05 nil Nil Nil Nil Yes
xalan-2.4 2.64E-07 nil 2.68E-07 6.47E-03 2.72E-07 Yes
xerces-1.2 2.40E-09 nil 1.80E-09 nil 2.36E-09 Yes
xerces-1.3 Nil 6.68E-09 6.88E-09 nil nil Yes

2 “nil” means there is no inconsistent case.

Table 15

Multiple paired t-test results of features’ contributions of predicting all selected inconsistent test cases between source and follow-up SDPSs using KMeans(Elkan)®.

Dataset Paired T-test group p-value = P(T < t) two-tail (alpha=0.01, df=20) Reject HO: mean difference == 0 (p-value < 1.00E-02)
Source vs MR1 Source vs MR2.1 Source vs MR2.2 Source vs MR3.1 Source vs MR3.2
ant-1.7 1.06E-01 1.03E-01 1.06E-01 1.11E-01 7.04E—-02 No
camel-1.0 2.18E—-06 2.87E-06 Nil 3.31E-06 Nil Yes
camel-1.6 7.19E—-05 6.10E—-05 Nil 2.03E—-04 1.07E-07 Yes
data_arc nil nil 1.45E-06 nil Nil Yes
data_ivy-2.0 nil 1.55E-03 4.94E—-06 5.22E-06 4.16E—06 Yes
data_prop-6 2.71E-07 1.93E-07 Nil 2.67E—-07 1.45E-02 Yes
data_redaktor nil nil 3.27E—-09 nil 2.09E—-09 Yes
jedit-3.2 3.35E-02 nil Nil 3.77E—-02 3.34E-02 No
jedit-4.2 7.53E—08 1.44E-07 Nil 1.47E-07 1.13E-07 Yes
log4ij-1.1 nil nil 1.13E-04 6.44E—05 9.19E-05 Yes
lucene-2.0 nil nil 4.56E—04 Nil Nil Yes
poi-2.0 nil 2.79E-04 Nil nil 3.25E-04 Yes
synapse-1.0 nil Nil 1.25E-02 9.94E-07 6.87E—07 Yes
synapse-1.2 nil 3.13E-05 1.92E-05 1.58E—04 nil Yes
velocity-1.6 7.71E-07 nil Nil Nil nil Yes
xalan-2.4 5.08E—07 nil 5.32E-07 7.07E—03 3.96E—-07 Yes
xerces-1.2 5.78E—09 nil 4.19E-09 nil 7.54E—09 Yes
xerces-1.3 nil 4.86E—05 8.07E—05 nil Nil Yes
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Table 16

Illustration of SHAP explains inconsistent prediction of test case #57 of “poi-2.0”
with source and follow-up SDPSs using KMeans(Lloyd) by the differences in
percentage of features’ contributions®.

Feature Diff(%) Source vs MR2.1 Diff(%) Source vs MR3.2
Wme 203.11 % 197.84 %
Dit 199.05 % 191.80 %
Noc nil 100.00 %
Cbo nil nil

Rfc 100.00 % nil

Lcom 180.44 % 100.00 %
Ca nil nil

Ce nil nil

Npm 164.61 % 197.85 %
lcom3 100.00 % 100.00 %
Loc nil nil

Dam nil 100.00 %
Moa 100.00 % 100.00 %
Mfa 193.82 % 194.13 %
Cam 100.00 % 100.00 %
Ic 186.50 % 195.98 %
Cbm 202.31 % 201.35 %
Amc 100.00 % 186.45 %
max_cc 239.64 % 201.72 %
avg_cc 192.00 % 230.54 %
Bug 258.88 % 194.58 %

2 “nil” means the feature’s contribution of “source” and “follow-up” are both

zero. “100 %” means either the feature’s contribution of “source” or “follow-up”
is zero.

Table 17

Illustration of SHAP explains inconsistent prediction of test case #57 of “p0i-2.0”
with source and follow-up SDPSs using KMeans(Elkan) by the differences in
percentage of features’ contributions®.

Feature Diff(%) Source vs MR2.1 Diff(%) Source vs MR3.2
Wme 142.45 % 239.30 %
Dit 210.17 % 212.02 %
Noc nil nil

Cbo 184.89 % nil

Rfc 100.00 % nil

Lcom 458.61 % 100.00 %
Ca nil nil

Ce nil nil

Npm 185.97 % 156.71 %
lcom3 nil nil

Loc nil nil

Dam 100.00 % nil

Moa nil nil

Mfa 213.89 % 193.51 %
Cam nil nil

Ic 198.24 % 191.71 %
Cbm 198.73 % 210.76 %
Amc 232.05 % 100.00 %
max_cc 262.28 % 150.36 %
avg_cc 216.57 % 225.60 %
Bug 184.88 % 206.68 %

4.3.1. Zero violation with MRs

KNN, SVM, and LR demonstrated zero IPC and zero IPR across all five
MRs, which means there was no inconsistent prediction (Tables 1 and 2).
Their average ACCs and MCCs with all five MRs are all the same, which
shows that the predictions are all stable (Tables 3 and 4). Since KNN,
SVM, and LR had no inconsistent prediction with all MRs, data can be
updated in any order to train them without causing inconsistent pre-
diction. Hence, the proposed MRs can be served as an effective and
valuable validation tool for these algorithms. If any inconsistent pre-
diction occurs with our MRs, this could infer that the SDPS using KNN,
SVM, or LR contains errors that require further investigation, as these
algorithms are insensitive to our MRs (Segura et al., 2019; M. Zhang
et al., 2021; Zhou et al., 2020).

Moreover, the average ACCs and MCCs of KNN, SVM and LR were
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Table 18
Tllustration of SHAP explains inconsistent prediction of test case #44 of “ve-
locity-1.6” with source and follow-up SDPSs using RF by features’ contributions.

Feature Source MR1 MR2.1 MR2.2 MR3.1 MR3.2

Wmc —0.1001 0.0000 0.0000 0.0000 0.0000 0.0000
Dit 0.0217 0.0000 0.0000 0.0000 0.0000 0.0000
Noc —0.0045 0.0000 0.0000 0.0000 0.0000 0.0000
Cbo —0.0226 0.0000 0.0000 0.0000 0.0000 0.0000
Rfc —0.1242 0.0000 0.0000 0.0000 0.0000 0.0000
Lcom —0.0588 0.0000 0.0000 0.0000 0.0000 0.0000
Ca —0.0086 0.0000 0.0000 0.0000 0.0000 0.0000
Ce —0.0401 0.0000 0.0000 0.0000 0.0000 0.0000
Npm —0.0691 0.0000 0.0000 0.0000 0.0000 0.0000
Icom3 —0.0091 0.0000 0.0000 0.0000 0.0000 0.0000
Loc —0.1075 0.0000 0.0000 0.0000 0.0000 0.0000
Dam —0.0469 0.0000 0.0000 0.0000 0.0000 0.0000
Moa 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Mfa 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Cam —0.0937 0.0000 0.0000 0.0000 0.0000 0.0000
Ic 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Cbm 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Amc —0.0667 0.0000 0.0000 0.0000 0.0000 0.0000
max_cc 0.0209 0.0000 0.0000 0.0000 0.0000 0.0000
avg_cc —0.0276 0.0000 0.0000 0.0000 0.0000 0.0000
Bug 0.4036 0.6667 0.6667 0.6667 0.6667 0.6667

Table 19

Multiple Paired T-test results of features’ contributions of predicting test case
#44 of “velocity-1.6" between source and follow-up SDPSs using RF.

Paired T- p-value = P(T < t) two- t-score Reject HO: mean difference
test group tail (alpha=0.01, (df=20) == 0 (p-value ( 0.01 or t-
df=20) score ) 2.8453")
Source vs 0.2323 1.2318 No
MR1
Source vs 0.2335 1.2286 No
MR2.1
Source vs 0.2333 1.2291 No
MR2.2
Source vs 0.2374 1.2179 No
MR3.1
Source vs 0.2365 1.2205 No
MR3.2

high in this study. MRs did not influence the performance of KNN, SVM,
and LR, demonstrating that changing the order of data did not cause
inconsistent predictions in KNN, SVM, and LR. This result confirms that
KNN, SVM and LR are excellent choices for SDPSs. Therefore, the find-
ings recommend applying KNN, SVM and LR algorithms as SDPS due to
their high accuracy rate, along with implementing the proposed MRs as
the effective validation tool to ensure the correctness of SDPSs’
outcomes.

4.3.2. Characteristic of algorithms

Table 2 shows that RF, KMeans(Lloyd), KMeans(Elkan) and CNN had
non-zero IPRs. KMeans(Lloyd) and KMeans(Elkan) gave the worst IPC,
IPR, ACC and MCC in this study (Tables 1-4), especially since both
KMeans models had over 38 % IPR with all MRs. The above results can
be explained by the random initialization of the KMeans algorithm (Xu
et al., 2021). KMeans selects instances as initial center points randomly
and assigns other instances to clusters where the center point is at
nearest to that instance (Xu et al., 2021). Changing the order of data
would affect the initial points selection, leading to inconsistent results,
and this randomness of KMeans cannot be removed in the Python pro-
grams (SciKit-Learn, 2022).

RF consists of multiple decision trees, each trained on a randomly
selected sample of the data (Sathe and Adamuthe, 2021). As a result,
changing the order of the data can impact the sample selection for RF,
leading to inconsistencies in predictions.

CNN require sufficient training data to make accurate predictions
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Table 20
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Multiple paired T-test results of features’ contributions of predicting all selected inconsistent cases between source and follow-up SDPSs using RF.

Dataset Paired T-test group p-value = P(T < t) two-tail (alpha=0.01, df=20)

Reject HO: mean difference == 0 (p-value < 0.01)

Source vs MR1 Source vs MR2.1 Source vs MR2.2

Source vs MR3.1

Source vs MR3.2

Nil
0.2335

0.2451
0.2333

nil
0.2323

data_redaktor
velocity-1.6

0.3292
0.2374

nil
0.2365

@ “nil” means there is no inconsistent case.

(Pachouly et al., 2022). However, our datasets were relatively small
(Table 5). It is reasonable to conclude that altering the order of this
limited training data can influence prediction consistency. Our results
indicate that using descending-ordered MRs leads to fewer inconsistent
predictions compared to reverse-ordered and ascending-ordered MRs
(Table 2). Therefore, different arrangements of small training datasets
can result in inconsistent predictions in CNN.

In summary, the impact of data ordering is closely tied to the char-
acteristics of the algorithms. Maintaining the correct sequence of data is
essential for ensuring consistent predictions in SDPS using KMeans
(Lloyd), KMeans(Elkan), RF, or CNN.

4.3.3. Characteristic of datasets

As CNN has the highest IPC in the experiment (Table 1), we further
analyse the identified inconsistent cases of CNN with the features’
contributions and all the datasets to seek further understanding of the
influence of the characteristics of datasets.

Twelve datasets with inconsistent cases of CNN in all five MRs
(Table 5) are selected. We ran multiple paired T-tests between each
feature’s contributions to source and follow-up datasets. We found that
six features’ contributions are significantly different” or almost signifi-
cantly different between source and follow-up datasets (Tables 21 and
22). These results show that these six features contributed the most to
inconsistent predictions (Table 22).

As each of the six identified features was significantly different or
almost significantly different between source and five MRs (Table 22),
we ran a correlation analysis with all features in the twelve datasets. The
results do not show that the six features are highly correlated with the
features that are used in MRs (Section 3.2). Thus, the correlation is not
the reason behind the significant differences.

We also ran an analysis on skewness and kurtosis on the twelve
datasets, and the results show that averaged skewness and kurtosis are
high in twelve datasets (Table 23), which means the datasets are
asymmetry distributed (Hair Jr et al., 2021). In other words, they are
imbalanced datasets. However, the six identified features are not the
highest or the lowest in averaged skewness and kurtosis, so the skewness
and kurtosis are also not the reason behind the significant differences.
However, changing orders in imbalanced datasets could impact the ac-
curacy of the machine learning model (Mao et al., 2022). Thus, the
inconsistent predictions of CNN can be caused by imbalanced datasets.

Lastly, results show that using MRs can help understand the systems,

Table 21
Mlustration of SHAP explains inconsistent predictions with the contributions of
feature “rfc” in source and follow-up SDPSs (MR2.2) using CNN.

Dataset Source MR2.2
ant-1.7 0.0084 0.0001
camel-1.6 0.0424 —0.0038
data_prop-6 0.0054 —0.0004
jedit-3.2 0.0028 0.0102
jedit-4.2 0.0120 —0.0399
lucene-2.0 0.0180 —0.0021
poi-2.0 0.0238 —0.0072
synapse-1.2 —0.0074 —0.0233
velocity-1.6 —0.0449 —0.1428
xalan-2.4 —0.0281 —0.0421
xerces-1.2 0.0043 0.0020
xerces-1.3 0.0047 0.0088
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Table 22
Multiple Paired T-test results of features that are significantly different in con-
tributions between source and follow-up SDPSs using CNN.

Feature  Paired p-value=P(T <  t-score effect Reject HO:
T-test t) two-tail (df=11) size mean
group (alpha=0.01, difference ==

df=11) 0 (p-value (
0.01 or t-score
) 3.1058)"

Bug Source 0.0316 2.4623 0.6446 No
vs MR1

Amc Source 0.0579 2.1170 —0.4730 No
Vs
MR2.1

Rfc Source 0.0196 2.7281 0.6912 No
vs
MR2.2

avg_cc Source 0.0186 2.7560 0.7978 Yes”
vs
MR2.2

Mfa Source  0.0287 2.5155  —0.8716  Yes’
vs
MR3.1

Cbo Source 0.0589 2.1067 0.7166 No
vs
MR3.2

? t-critical(alpha=0.01, df=11) = 3.1058, where it is paired t-test with 12
related datasets, so the degree of freedom is 11(12-1).

b Although the p-values are over 0.01, they are near 0.01 so we also calculate
the effect sizes. The effect sizes are at 0.8 (Sullivan and Feinn, 2012) and we
consider these features have significantly differences in contributions between
source and follow-up SDPSs using CNN.

Table 23
Averaged Skewness and Kurtosis of features in twelve datasets that had incon-
sistent cases with all five MRs.

Feature Skewness Kurtosis
Wme 4.2108 30.4518
Dit 1.0205 0.8528
Noc 9.5928 115.3016
Cbo 5.3190 54.6473
Rfc 3.3880 19.0036
Lcom 8.8197 110.5362
Ca 6.6293 72.6300
Ce 3.3428 21.3809
Npm 3.5506 22.4920
lcom3 0.6876 1.0955
Loc 5.7192 51.2587
Dam —0.0065 -1.5677
Moa 4.2383 28.7767
Mfa 1.4254 19.7763
Cam 1.0219 2.4305
Ic 1.5147 2.3278
Cbm 2.8273 11.6413
Amc 6.0651 66.3136
max_cc 7.2371 82.5291
avg_cc 4.7383 42.0620
Bug 4.7014 34.6854
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which agrees with (Zhou et al., 2020), and our proposed approach is a
valuable tool for CNN, especially when trained datasets are scarce and
only small-sized training data or imbalanced data are available. The
proposed MRs can identify inconsistent predictions without being
misled by high ACC and MCC, which is particularly beneficial for un-
supervised machine learning algorithms in scenarios where no labelled
dataset is available. In contrast, XAl can explain the inconsistent pre-
dictions with the features’ contributions to reflect the level of incon-
sistency for further examination.

5. Threats to validity

This section discusses the threats to validity that are faced by this
study.

5.1. Internal validity

The randomness of the systems is an internal threat that can cause
result variations, and this study fixed random seeds to a fixed number for
all SUTs to keep results reproducible. Another internal threat is the
parameter configuration, as different input parameters cause different
results. In this experiment, standard parameters and configurations were
applied to all SUTs with cluster number was set to two, and the rest
options were set to default values (Section 3.7). We build subject SUTs
by “scikit-learn” library of Python and use Microsoft Excel to create the
follow-up datasets. These technologies should be considered reliable
since they have been widely used. White-box testing has been conducted
to examine the correctness of the source codes. Finally, this study
focused on identifying inconsistent results of SUTs, and the measure-
ments (Section 3.8) of all SUTs were listed and checked to ensure
accuracy.

5.2. External validity

We applied MRs inspired by Zhou et al. (2020)’s proven approach, so
the potential threat to the external validity of this study is low. Another
external threat is the generality of our approach. In this experiment, our
MRs are generic and can be applied to any numeric dataset. This study
used eighteen different software defect datasets of PROMISE, which are
varied in size. Seven different SDPSs were used in this study, which ran
seven hundred and fifty-six test trials (Section 3.3). The results should be
generalized.

5.3. Construct validity

The independent variables of this study are the prediction outcomes
of the same test datasets with different SDPSs that were trained by
different follow-up datasets, which are the follow-up outputs, and the
prediction outcomes of the same test datasets with SDPSs that were
trained by source dataset, which are the source outputs. The dependent
variable is the differences between the source outputs and follow-up
outputs, as this study focuses on identifying the inconsistent pre-
dictions after data transformations. If there is no difference between
source outputs and follow-up outputs, there is no inconsistent predic-
tion, and the order of data does not cause inconsistent prediction in
SDPSs. If there are inconsistent predictions after data transformations,
this shows that changing the order of data can cause inconsistency in
SDPSs. This correctly measures the intent of this study. Thus, the
construct validity of the independent variables and dependent variables
of this article should be acceptable.

6. Conclusion and future direction
The performance of SDPSs holds significant importance in the realm

of software development, making it crucial to ensure the accuracy and
correctness of the prediction outcomes. This study effectively
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demonstrated the practicality and feasibility of MT in identifying
inconsistent predictions within SDPSs, while also showcasing the
explanatory capabilities of XAl in elucidating the extent of inconsistency
present in SDPSs. Moreover, our research findings suggest that the MRs
proposed in this study have the potential to serve as an effective and
valuable validation tool for SDPSs using SVM, LR and KNN algorithms.
Additionally, our approach proves to be a valuable tool for SDPSs using
RF, KMeans(Lloyd), KMeans(Elkan), and CNN algorithms, enabling the
identification of inconsistent predictions and explaining the in-
consistencies by showing the features’ contributions that warrant
further examination. Notably, we observed that varying the order of
data within small-sized training datasets and imbalanced data can lead
to inconsistent predictions in SDPSs due to the characteristics of KMeans
(Lloyd), KMeans(Elkan), RF and CNN algorithms.

6.1. Limitations

This study applied XAI to explain the inconsistent predictions with
features’ contributions, so this study cannot use dimension reduction
techniques, such as principal component analysis, to improve the speed
of the process. Furthermore, the limited computer resources cannot
support XAl in analysing the models with a large dataset for interpre-
tation. Another limitation is that if the training data are time-ordered
(sequential), the proposed MRs are not applicable as the MRs are
related to changing the order of data and only apply to the data that can
be altered in order.

Due to the MRs being only related to the order of data, this study uses
the numeric features of datasets. Furthermore, the findings indicate that
the sequence of the data is crucial for certain SDPS, which limits the
effectiveness of the proposed MRs, as changing the order of training data
does not demonstrate the concept of symmetry. Consequently, those
SDPSs trained on source and follow-up training datasets cannot produce
similar predictions with the same testing dataset, even if the contents of
the training datasets remain intact. Thus, our approach is not effective
and cannot exhibit the concept of symmetry because of the nature of the
combination of dataset and SDPSs using KMeans, CNN and RF.

6.2. Future directions

For future investigations, it is recommended to extend our approach
by incorporating additional or different MRPs into domains that employ
various machine learning algorithms for identifying and explaining
inconsistent predictions. As mentioned in Section 6.1, it is important to
first study the characteristics of machine learning algorithms and data-
sets before choosing the MRPs to extend our approach.

Furthermore, exploring the relationship between data imbalance,
dataset size, and MRPs could yield valuable insights to enhance the
identification of inconsistent predictions and derive more effective
MRPs. By addressing these avenues for future research, we can advance
the understanding and application of our approach, improving the
identification and explanation of inconsistent predictions in software
defect prediction systems.
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