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ABSTRACT

Software testing is a crucial part of the software development process, ensuring
that the final product operates as expected. However, it is often a time-consuming,
resource-intensive, and complex activity, particularly for large-scale systems. Au-
tomation is employed to reduce costs and improve efficiency by automating the
execution of test suites. Despite advancements, generating effective Test Data
(TD) and determining the correct output remain major challenges in software test-
ing, with the latter commonly referred to as the test oracle problem. The test oracle
problem arises when the SUT lacks an oracle or when developing one to verify
the computed outputs is practically impossible. Addressing the test oracle prob-
lem has been the focus of significant research, and while some progress has been
made through model-driven testing, it remains largely unsolved.

Metamorphic Testing (MT) is a software testing approach to alleviate the test
oracle problem. Unlike traditional testing techniques, MT analyses the relations
between pairs of input-output combinations across consecutive executions of the
SUT rather than focusing solely on verifying individual input-output combina-
tions. Such relations between SUT inputs and outputs are known as Metamorphic
Relations (MRs). MRs specify how the outputs should vary in response to spe-
cific input changes. When an MR is violated for at least one valid test input, it
indicates a high probability of a fault within the SUT. Nevertheless, the absence
of MR violations does not guarantee a fault-free SUT. However, its effectiveness
heavily relies on the MRs employed. A good MR must not only specify correctly
the input-output relations across the valid input data space - it also must be ca-
pable of detecting incorrect program behaviour resulting from a fault in the SUT
code.

Generating good MRs is not straightforward. Approaches to MR generation
fall into two categories: semantic and syntactic correctness. Semantically cor-
rect MRs require an in-depth understanding of the SUT’s behaviour, often based
on software documentation and expert knowledge. These are typically created
manually, which is time-consuming and requires deep domain expertise. On the
other hand, syntactically correct MRs focus on ensuring that the MR adheres to
the input-output structure of the SUT. These MRs are often generated through au-
tomated methods based on predefined patterns or generic MRs applicable across
multiple systems. However, even with these approaches, selecting and classify-
ing effective MRs remains a challenge. Several methods, such as the Predicting
Metamorphic Relation (PMR) approach, have been proposed to automate MR
classification. PMR uses Machine Learning (ML) to classify MRs based on code
structure, typically through Control Flow Graph (CFG) or source code metrics.

While these methods have shown promising results, they face notable limita-
tions. Firstly, it relies on binary classifiers that require labelled datasets to provide
examples for learning. Labelled datasets may not always be available, and ob-
taining them can be time-consuming. Secondly, the feature extraction process for
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model training is based on CFG or source code metrics, which may not account
for refactoring. This limitation can affect the accuracy of the PMR approach, as
refactoring can change the structure of the code and, consequently, the way MRs
apply. Lastly, the binary output of PMR may not consider TD and its impact on
MR applicability. This limitation implies that PMR does not consider the pos-
sibility that an MR may apply to some TD with specific characteristics and not
others, leading to false positives or false negatives in MR selection. Given these
challenges, the goal of this thesis is to introduce new methods for classifying,
refining, and assessing MRs to improve the efficiency and effectiveness of MT.

The thesis contributions are divided into three parts. The first contribution,
MetaTrimmer, introduces a novel TD-driven method for classifying MRs. Unlike
traditional classification methods based on static code structure, MetaTrimmer
dynamically evaluates MR behaviour across different TD inputs. By incorpo-
rating the behaviour of TD, MetaTrimmer moves beyond the assumption of uni-
versal applicability, allowing it to classify MRs more accurately by identifying
specific TD subsets where MRs are valid. The second contribution, MetaTrim-
mer+, extends the analysis and refinement of MRs, particularly for mixed-case
MRs—those that may exhibit both violations and non-violations depending on
the TD. MetaTrimmer+ uses a combination of manual inspection and Association
Rule Mining (ARM) to extract patterns from the TD space, clarifying when MRs
behave as always not violated or always violated. This refinement enhances the
usability of mixed MRs, allowing them to be applied as both positive and nega-
tive test cases, which expands the test suite and improves its effectiveness. The
third contribution focuses on assessing the strength of MRs based on their defect-
detection capabilities. By integrating MetaTrimmer with mutation testing, the
thesis presents a method for ranking MRs according to their effectiveness in find-
ing bugs. This allows testers to prioritise the most effective MRs, optimising the
test suite by reducing its size without compromising its ability to detect defects.
The method was successfully applied in an industrial case study, demonstrating its
practical value, although the computational cost of mutation testing and reliance
on diverse TD remain challenges.
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2. INTRODUCTION

Software testing is an essential activity of quality assurance in software devel-
opment process as it helps ensure the correct operation of the final software [1].
However, software testing has historically been recognised to be a time-consuming,
challenging, and expensive activity given the size and complexity of large-scale
software systems [2]. The cost involved in testing can be managed through test
automation. Test automation refers to the writing of special programmes that are
aimed at exposing failures in the System Under Test (SUT) and to using these pro-
grammes together with standard software solutions (test frameworks) to control
the execution of test suites. It is possible to use test automation to improve test
efficiency.

Software testing, whether automated or manual, involves four major steps:
generating Test Data (TD), determining the expected output of the SUT when us-
ing the TD, obtaining the actual output when executing the SUT using the TD
against the SUT, and comparing the expected output with the actual output to
determine the test verdict (pass/fail) [3]. In these steps, there are two major chal-
lenges: finding effective TD inputs, i.e., inputs that can trigger failures in SUT,
and determining the correct output after the execution of the test cases. The sec-
ond challenge refers to the test oracle problem. A test oracle is a mechanism
that determines the correct output of the SUT for a given input [4]. The test ora-
cle problem arises when SUT lacks an oracle or when creating one to verify the
computed outputs is too costly or practically impossible [5]. Although substan-
tial research has been conducted to provide test oracles automatically, aside from
model-driven testing, the oracle problem remains largely unsolved.

To address the test oracle problem, Chen et al. [6] introduced Metamorphic
Testing (MT). MT tackles the test oracle problem by delving into the internal
properties of the SUT and evaluating how outputs should vary with specific input
changes. The essence of MT lies in analysing the relations between inputs and
outputs during multiple SUT executions; these relations are referred to as Meta-
morphic Relations (MRs). An MR consists of two parts: the input transformation
statement part, which outlines how to modify a given input to create a new re-
lated input, and the expected output changes part, which defines the relation that
the outputs must exhibit when subjected to these input modifications [7]. To as-
sess the correctness of the SUT using MT, it is necessary to check whether the
output relations defined by the MR hold for the outputs produced by both the
transformed TD input and the non-transformed TD input. If these relations do
not hold, it signifies a violation, indicating a substantial likelihood of a fault in
the SUT. However, the absence of MR violations does not guarantee a fault-free
SUT.

Figure 1 illustrates the workflows of both traditional testing and MT. Tradi-
tional testing involves generating TD, determining the expected output (oracle),
executing the TD against the SUT, and comparing the actual output to the ex-
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pected output. Metamorphic testing, on the other hand, includes transforming the
initial TD based on MRs and comparing the outputs from both the original and
transformed TD to verify these relations. Tools like fuzzers, which leverage fuzz
testing techniques to automatically generate diverse and often random input data
for uncovering errors and vulnerabilities, can be employed to produce varied and
extensive TD, ensuring broader input coverage. However, it is important to note
that TD generation is not limited to fuzz testing; other tools and techniques, such
as symbolic execution, combinatorial testing, and model-based testing, can also
be utilized to create comprehensive and diverse test data tailored to specific testing
requirements.

MT has been demonstrated to be an effective technique for testing in a variety
of systems from different application domains, including autonomous driving [8],
[9], optimisation process [10], [11], cloud and networking systems [12], [13], bio-
informatics software [14], [15], web systems [16], [17], cyber-physical systems
[18], [19], energy testing [20] and scientific software [21], [22]. However, it is
well known that the effectiveness of MT highly depends on how “good” the MRs
used are [6].
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Figure 1. High-level visual workflow comparison: traditional testing vs metamorphic
testing — from generating initial TD to checking result validity

2.1. Problem Statement and Research Goals

Generating “good” MRs is not trivial. Various approaches have been proposed
for the generation of MRs. They can be divided into two groups: approaches
that focus on the semantic correctness of the MR, and approaches that focus on
its syntactic correctness (see Figure 2). Generating semantically correct MRs
involves a deeper understanding and control of the SUT’s behaviour, which re-
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Figure 2. Approaches for Generating MRs: semantically correct generation, using
domain-specific knowledge, software specifications, software documentation, and inter-
actions with LLMs; and syntactically correct generation, utilising classification mecha-
nisms and generic MRs. Both aim to produce MRs that are never violated.

quires broad domain-specific knowledge. The approaches belonging to this group
leverage domain-specific knowledge such as software requirements specifications
[23]—including functional and non-functional requirements—and software doc-
umentation [24], [25]—such as user manuals, API documentation, and technical
specifications. Recently, Large Language Models (LLMs) have also been utilised
for generating MRs, either by querying the LLM for MRs based on its built-in
knowledge and SUT descriptions [26], [27], or by providing SUT specification
documents to the LLM to derive MRs [28]. A semantic approach is predomi-
nantly performed manually, relying on the expertise and knowledge of the testers
or developers involved.

On the other hand, approaches that focus on generating syntactically correct
MRs centre around matching syntactic markers such as input types and code struc-
tures of the SUT with predefined or generic MRs. By “generic MRs”, we refer
to MRs that, although originally formulated for different contexts, share similari-
ties in terms of input types or internal behaviours, allowing them to be indirectly
applicable to various SUTs regardless their application domain. This group em-
ploys classification mechanisms to ensure that the generated MRs adhere to the
syntactic characteristics of the SUT. Generating MRs based on syntactical cor-
rectness enables efficient reuse of MRs and simplifies the overall MT process. It
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is important to note that both semantically and syntactically focused generation
approaches aim to create MRs that never encounter violations for any valid MRs.

An early pioneering work demonstrating the feasibility of generating MRs
through syntactically-correctness-based approaches was conducted by Kanewala
et al. [30]. They introduced Predicting Metamorphic Relations (PMR), an ap-
proach that utilises ML techniques to classify whether a specific MR from a set
of MRs is applicable (i.e., never violated) to a given SUT. The core idea behind
PMR is to develop a model that predicts whether a method in a newly developed
SUT can be effectively tested using a specific MR, based on the method’s CFG.
Several subsequent works have followed the PMR approach; for instance, Hardin
et al. [31] extended the initial PMR study using semi-supervised learning tech-
niques on a set of CFG-based features tagged with six predefined MRs. Rahman
et al. [22] applied the PMR approach for predicting three pre-defined MRs for
matrix-based programs. Zhang et al. [32] introduced RBF-MLMR, a multi-label
method for predicting MRs using radial basis function neural networks. Unlike
PMR, which employs several binary classifiers, RBF-MLMR predicts all possible
MRs for a given method. While RBF-MLMR uses a different approach than PMR,
it follows the same PMR methodology and the same feature extraction approach.

While the aforementioned approaches have demonstrated promising results,
they come with notable limitations:

1. Dependency on Labelled Datasets: Many of these approaches rely on bi-
nary classifiers, which require labelled datasets for effective learning. Cre-
ating such labelled datasets can be a time-intensive and resource-demanding
process, making it impractical in scenarios where obtaining labelled data is
challenging or costly.

2. Limitation in Feature Extraction: Another limitation is encountered during
the feature extraction process for model training, especially when relying on
CFG or source code metrics. These methods often overlook the possibility
of code refactoring. This oversight is significant because code refactoring
can alter the structure of the code, potentially making previous ML models
irrelevant or less accurate.

3. Assumption of Universal Applicability: The logic behind the selection pro-
cess using binary classifiers assumes that a chosen MR must universally
apply to the entire valid input data space. This assumption may not always
hold true. An MR that applies to specific input data might not apply to oth-
ers within the same valid input data space. Relying on the belief that an MR
must consistently apply across the entire input data space can lead to false
positives, where an MR violation incorrectly suggests a fault when there is
none.

In addition to the previous limitations, current practice in MT involves inter-
preting their outcomes, i.e., whether the MR is violated or not, is largely a manual
effort. This manual interpretation can be time-consuming and resource-intensive.
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Furthermore, the cost of MT is directly influenced by the number of MRs used. As
the number of MRs increases, the number of test cases may grow exponentially.
This leads to longer execution times and a greater need for manual inspection of
MT outcomes [33], [34].

Driven by these challenges, the goal of this thesis is to support the syntactic-
based generation of MRs, refinement of MRs by applying constraints based on the
TD, and assess the strengths of the generated and refined MRs.

2.2. Research Approach

We tackle our overall goal by addressing the following Research Goals (RGs):
• RG1 - MR Classification: To provide a method for classifying MRs based

on TD.
• RG2 - MR Constraint Definition: To provide a method for refining MRs

by setting constraints based on TD.
• RG3 - MR Strength Assessment: To provide a method for assessing the

strengths of the selected and refined MRs.
In the following subsections, we delve deeper into each RG, and introduce the

Research Questions (RQs), and provide an overview of the work conducted in this
thesis.

2.2.1. RG1 - MR Classification

To effectively address RG1, it is crucial to establish a baseline approach first.
This baseline approach will serve as a benchmark against which our proposed
method can be evaluated. Furthermore, it will help us pinpoint potential areas
for enhancement in our approach. Therefore, we chose the pioneering work
by Kanewala et al. [30], which demonstrated the feasibility of generating MRs
through syntactically-correctness-based approaches, specifically the PMR method.
This selection of PMR as our baseline allows us to build upon existing knowledge
and methodologies in the field of MR generation. It provides a solid foundation
from which we can develop and refine our own proposed method.

As discussed in Section 2.1, the idea behind PMR is to develop a model capa-
ble of predicting whether a specific MR can be used to test a method in a newly
developed SUT. To evaluate the generalisability of PMR across various program-
ming languages, we conducted a replication study on PMR [35]. Our replication
study involved reconstructing the preprocessing and training pipeline. The results
of our replication study validated the reported findings and laid the groundwork
for subsequent experiments. In addition to this, we explored the potential reusabil-
ity of the PMR model initially trained on Java methods. We assessed its suitability
for functionally identical methods implemented in Python and C++. While the
PMR model demonstrated strong performance with Java methods, its prediction
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accuracy notably declined when applied to Python and C++ methods. Neverthe-
less, we found that retraining the classifiers using CFGs specific to Python and
C++ methods led to improved performance. Furthermore, we conducted an eval-
uation of the PMR approach, considering source code metrics as an alternative
to CFG for building the models [7]. Our results also led to the conclusion that a
generalisation of PMR beyond unit testing, such as its application to system-level
testing, does not appear to be feasible.

Building upon the findings and lessons learned from previous work, we ex-
plored the possibility of classifying MRs based on TD and the information gath-
ered during the MT process itself. This involves the transformation of TD, the
execution of TD and Transformed Test Data (TTD), and the comparison of their
corresponding outputs. We then analyse the outcomes of this process and inves-
tigate all potential factors influencing the violation/non-violation outcomes. We
initially validated this concept in [36] using a toy example. This evaluation con-
firmed that MRs may not universally apply to the entire TD input space. An MR
violation may occur not because there is a defect in the SUT, but due to a dis-
crepancy between the TD and the MR itself. Therefore, we introduced a new
concept called mixed cases. These are cases in which the applicability of MRs is
not clear-cut or straightforward.

We expanded on these initial findings by proposing and formalising a TD-
driven method for classifying MRs. Similar to PMR, we assume the existence
of a predefined list of MRs. However, our TD-driven method does not rely on
labelled datasets and acknowledges that an MR may only be applicable to TD
with specific characteristics. We have named our method MetaTrimmer.

MetaTrimmer consists of three steps: (1) TD Generation, which is responsi-
ble for generating long sequences of TD for the SUT. (2) MT Process, which is in
charge of performing necessary TD transformations based on the predefined MRs.
It generates logs to record information about TD inputs and its respective outputs,
and any MR violations during the execution of the TD and the TTD against the
SUT. (3) MR Analysis, which involves manual inspection of violation and non-
violation results. In MetaTrimmer, an MR violated 100% of the time is considered
as not applicable to the SUT, while an MR not violated in 100% of cases is appli-
cable to the SUT. The mixed cases arise when MR violations and non-violations
do not reach 100%. We showed how TD can be used in the selection of MRs, and
by comparing it with the baseline approach, we demonstrated its effectiveness.
Additionally, we answered the following research questions:

• RQ1.1: How can TD be used to classify MRs?
• RQ1.2: How well does the TD-driven MR classification method perform?
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2.2.2. RG2 - MR Constraint Definition

An important contribution of this research lies in challenging the notion that an
MR must universally apply to the entire valid TD space. Instead, it highlights
the relevance of MRs within specific subsets of this space. The rigid belief that
an MR must encompass the entire input data space can limit its effectiveness.
Real-world scenarios often feature distinct behaviours and characteristics across
various subsets of the input data space. Recognising these subsets and introducing
constraints based on test input data serves as a means to enhance the effectiveness
of MRs. Additionally, emphasising the provision of explanations for MR viola-
tions emerges as a crucial aspect. It plays a pivotal role in distinguishing whether
a violation stems from a code failure or an MR-imposed constraint. This pro-
cess involves the identification of patterns, trends, and underlying causes of MRs
violation.

In Section 2.2.1, related to RG1, we have introduced MetaTrimmer, a TD-
driven approach for classifying MRs. MetaTrimmer operates without needing
labelled datasets and acknowledges that MRs may not always apply to the en-
tire input data space but instead to specific subsets, known as constraints. In
MetaTrimmer, an MR violated 100% of the time is considered as not applicable
to the SUT, while an MR not violated in 100% of cases is applicable to the SUT.
Scenarios where violations and non-violations do not reach 100% are referred to
as mixed cases. These mixed cases, being less straightforward, provide valuable
insights into the behaviour of MRs. Therefore, by analysing them can aid in gen-
erating constraints by revealing patterns and exceptions in the behaviour of the
SUT relative to specific MRs.

As previously mentioned, MetaTrimmer consists of three main steps: (1) TD
Generation, (2) MT Process, and (3) MR Analysis. RG2 focuses specifically on
the MR Analysis step. In this step, the analysis involves manually examining the
outcomes of MR violations and non-violations to understand the reasons behind
the MR’s violation status. This examination aims to identify specific relevant
TD or ranges, which aids in deriving constraints. While manual inspection pro-
vides valuable insights during MR Analysis, it may not always yield a completely
accurate or comprehensive understanding of why MRs exhibit certain violation
statuses. This limitation becomes more pronounced when dealing with large vol-
umes of TD or multiple MRs. In such cases, there’s a risk of extracting incomplete
or incorrect constraints, which can impact the effectiveness of subsequent testing
efforts. Furthermore, it’s important to emphasise that discerning whether an MR
violation is attributed to a fault in the SUT or due to the MR’s inability to meet
specific behavioural expectations of the SUT for particular TD is not unique to
MetaTrimmer alone. This challenge is inherent in the broader context of MT
technique.

Building upon the MetaTrimmer process, we introduced an approach employ-
ing Association Rule Mining (ARM) [37] to support the pattern extraction pro-
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cess, thereby enhancing the MR Analysis and reducing the need for manual in-
spection for defining constraints. We demonstrated how TD, combined with ARM,
can provide insights in the form of rules, enabling the definition of precise con-
straints that delineate the input space where each MR is valid. This process im-
proves the accuracy and applicability of MRs while reducing dependency on ex-
tensive manual analysis. We answered the following research question:

• RQ2.1: How can patterns be extracted and utilised as constraints to refine
MRs?

• RQ2.2: How well does the ARM-driven approach refine and constrain MRs?

2.2.3. RG3 - MR Strength Assessment

The goal of MetaTrimmer is to produce a refined final set of MRs. Once this
set is established, assessing its effectiveness becomes a natural next step. Mu-
tation testing has been widely recognised as a robust method for evaluating the
quality of test suites across various software testing levels (unit, integration, and
specification) and for different programming languages. It operates on the princi-
ple of introducing artificial faults (mutants) into the codebase and then assessing
whether the existing test suite can detect these faults. Mutation testing defines a
quality metric known as the mutation score, ideally aiming for all mutants to be
“killed" by the test suite (i.e., achieving a mutation score of 1).

Pioneering work by Asrafi et al. [38] has provided a theoretical evaluation of
MR effectiveness, primarily through mutation analysis and code coverage metrics.
In another approach, Jia et al. [39] proposed a framework to assess the effective-
ness of MT in the context of image processing. They used real image datasets
from published libraries to generate test inputs. They applied mutation testing to
evaluate fault detection rates through mutation score, demonstrating MT’s ability
to detect faults in edge detection programs with up to 90% accuracy. Jafari et
al. [40] evaluated the fault detection MRs using mutation testing following Jia et
al. [39] framework.

It is evident that mutation testing is widely adopted for assessing effectiveness
in software testing. When evaluating the effectiveness of MRs, the traditional fo-
cus has centred on metrics such as mutation score and code coverage. However,
these metrics may not always yield actionable insights across diverse application
domains or testing levels. Therefore, we propose a three-level effectiveness as-
sessment strategy by integrating MetaTrimmer with mutation testing.

• Level one focuses on evaluating MRs based on their ability to detect equiv-
alent mutants.

• Level two examines MRs based on their capability to trigger violations
when mutants are killed across the entire input space.

• Level three focuses on the sensitivity of MRs by analysing the amount of
TD required to trigger a violation, highlighting the precision and adaptabil-
ity of MRs to diverse input space.
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We validated our assessment strategy using a SUT employed in an industrial
setting, which underscores the relevance of our findings to real-world applications.
In addition, we answered the following research question:

• RQ3.1: What TD-based method can be used to assess the strengths of gen-
erated and refined MRs regarding their bug-finding capability?

2.3. Contribution of the Thesis

In this thesis, we present three main contributions consisting of an approach for
classifying MRs based on TD, a method for refining MRs by setting constraints
based on TD, and a three-level strategy for assessing the effectiveness of MRs.

Figure 3 illustrates the three contributions as dotted boxes. Contribution 1
covers the approach for classifying MRs based on TD. Contribution 2 focuses on
the method for refining MRs by setting constraints based on TD. Contribution 3
presents the three-level strategy for assessing the strengths of the generated and
refined MRs. Each contribution is visually separated, highlighting their respective
components and processes.

• Contribution 1 A TD-driving approach, MetaTrimmer, for classifying MRs.
• Contribution 2 An ARM-based approach for refining MRs by setting con-

strains based on TD.
• Contribution 3 A three-level strategy for assessing the strength of MRs
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Contribution 2 – MR Constraint Definition

RG2 – To provide a method for refining MRs by setting constraints based on test data. 

• RQ2.1: How can patterns be extracted and utilised as constraints to refine MRs?

• RQ2.2: How well does the ARM-driven approach refine and constraint MRs?

Contribution 1 – MR Classification 

RG1 – To propose an approach for classifying MRs based on test data.

• RQ1.1: How can TD be used to classify MRs?
• RQ1.2: How well does the TD-driving MR classification method perform?
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Contribution 3 – MR Strength Assessment

RG3 – To propose a method for assessing the strengths of the generated and refined MRs

• RQ3: What TD-based method can be used to assess the strengths of generated and 

refined MRs regarding their bug-finding capability?

Ranked set 
of MRs

Which MRs 
should I use?

Figure 3. Research approach

The thesis presents three interrelated contributions: MetaTrimmer for MR
classification, MetaTrimmer+ for refining MRs, and an assessment framework for
evaluating the strength of MRs based on fault-detection capabilities. MetaTrim-
mer serves as the foundation by classifying MRs from a broader set into three
categories: 100% violation, 100% no violation, and mixed cases. MetaTrimmer+
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then refines the MRs that present mixed cases to ensure they are fully applicable.
Finally, the assessment framework evaluates the fault-detection strength of the
100% no violation MRs and the refined MRs. This integrated process produces a
final ranked set of MRs.

2.4. Structure of the Thesis

The introduction chapter has provided the context for this thesis, outlined the RGs
and the RQs, presented our research approach, and has described contribution of
the thesis. In Chapter 3, we introduce the key concepts relevant to this thesis, in-
cluding MRs, TD generation, mutation testing, and ARM, which form the founda-
tion for the proposed methods and approaches . Chapter 4 summarises the related
work in the field, positioning our research within the area of MT. It particularly
focuses on the selection and classification of MRs, reviewing prior contributions
and identifying gaps that this thesis aims to address.

In Chapter 5, we present our first contribution, which introduces MetaTrimmer,
a TD-driven approach for classifying MRs. The chapter details how TD can be
used to dynamically classify MRs based on their behaviour across different input
sets. Chapter 6 present our second contribution, which builds on MetaTrimmer
by refining MRs through the introduction of constraints based on TD characteris-
tics. The chapter explains how ARM is used to extract patterns and define these
constraints. In Chapter 7, we present the third contribution, which focuses on
assessing the strength of MRs. The chapter details a three-level strategy for eval-
uating MR effectiveness, integrating mutation testing to rank MRs according to
their fault-detection capabilities. In addition, we detail the industrial scenario in
which this strategy was applied, demonstrating its practical relevance in a real-
world context.

Chapter 8 provides a discussion of the key findings, offering insights into the
implications of the proposed methods, their limitations, and potential applications
in real-world scenarios. In Chapter 9, we conclude the thesis by summarizing the
contributions and discussing avenues for future research.
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3. BACKGROUND

This chapter we introduce the key concepts necessary in our study. Section 3.1
introduces the MT approach. Section 3.3 provides a brief description of mutation
testing and Section 3.4 gives a brief description of ARM. Section 3.5 provides the
details description on the PMR approach.

3.1. Metamorphic Testing

Metamorphic Testing (MT) is a software testing technique introduced by Chen
et al. [6] to address the test oracle problem. The idea behind MT is to explore
the internal properties of the SUT to verify expected outputs or generate new
test cases. The core of MT lies in exploring the relations between inputs and
outputs across multiple executions of the SUT; such relations are known as MRs.
Formally, a MR is a property that relates the input and output of the SUT to
another set of input and output [7].

An MR consists of two parts, the input transformation statement and the ex-
pected output change. The input transformation statement of the MR specifies
how to modify a given input to create a new related output which then will be
compared to the unmodified, original input. The expected output changes defines
the relation that the outputs must exhibit given the input modification. For exam-
ple, let’s consider a program that sorts a list L. To define an MR, one could state
it as follows:

“IF the list L is permuted to produce a new list L′ THEN sorting L and L′

should yield the same sorted list L′′. This can be expressed in mathematical nota-
tion as:

∀L′ ∈ P(L) : sort(L) = sort(L′) = L′′,

where P(L) represents all possible permutations of L.
In other words, sorting any permutation L′ of the list L, will always produce

L′′. If, in a given situation, the sorting program produces a different sorted list
from a permutation of the initial input, it indicates a violation of the MR, which
suggests a high probability of a fault in the SUT. However, it is essential to note
that the lack of MR violations does not necessarily guarantees a fault-free SUT.
Figure 4 illustrate the MT basic workflow involving five steps:

1. Generation of the initial TD.
2. Identification/generation of MRs that the SUT should satisfy.
3. Generation of the TTD by applying selected MR-specified transformations

to the initial TD.
4. Execution of corresponding TD and TTD pairs.
5. Verification of whether the observed changes in the output during TD and

TTD executions align with the changes defined by the applied MRs.
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The final step requires further analysis to determine the outcome of the MT
workflow, as no violations do not guarantee that the SUT is implemented correctly.
If an MR is violated, it suggests a fault in the SUT, assuming the MR is correctly
defined and is valid for the defined input data space [36].

Initial Test Data

Follow-up Test Data

List of MRs Test execution

SUT

MR Checker

Source test results

Follow-up test results

1

2

3

4 5

Figure 4. Metamorphic testing workflow.

3.2. TD Generation

In software testing, TD refers to the input data used during test execution. It is
utilised for positive testing to verify that the functions of the SUT produce ex-
pected outputs for specific inputs and for negative testing to evaluate the SUT’s
ability to handle unusual or unexpected inputs. Insufficiently constructed TD
could result in some potential test cases being missed, negatively impacting the
quality of the software. This thesis does not aim to introduce new techniques for
TD generation. Instead, we leverage fuzz testing for generating TD. Fuzz Testing
is a software testing technique that injects erroneous or random data into software
systems to discover coding errors and security vulnerabilities [41]. Fuzzing con-
sists of three main components: the input generator, executor, and defect monitor.
The input generator provides the executor with various inputs. The executor runs
target programs on these inputs. The defects monitor the execution to determine
whether it discovers new execution states or defects [41].

3.3. Mutation Testing

Since its introduction in the 1970s, mutation testing has been extensively stud-
ied and used reaching a maturity phase and gradually gains popularity both in
academia and in industry [42]–[44]. Numerous studies have demonstrated that
mutation testing is a robust method for identifying high-quality test suites across
various software testing levels (unit, integration, and specification) and for differ-
ent programming languages [45]. Moreover, it has been shown to be effective in
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guiding test generation [46], [47], simulating real faults in software testing exper-
imentation [48], [49], and localising faults [50], [51]. Overall, mutation testing
serves as a fault-based testing technique that allows for the definition of a test suite
quality metric, known as the mutation score. Typically, mutation testing involves
three main steps:

1. Mutant Generation: From a correct program or SUT, several faulty ver-
sions, the so-called mutants, are automatically generated by introducing
small changes into the code of the original SUT. There exist different ways
of creating mutants, e.g., changing variable names, changing operands and
operators, removing or adding code lines, and so on.

2. Mutant Execution: To check whether the test suite can detect the mutants
generated, the test suite is run on each mutant. If a test in the test suite fails,
the mutant has been killed, if no test fails, the mutant survived.

3. Mutation Score Calculation: The mutation score is calculated by dividing
the amount of killed mutants by the total amount of mutants.

Ideally all mutants are killed by the existing test suite, i.e., the mutation score
equals 1. Numerous tools for generating mutants have been developed for various
programming languages [44]. Examples include MuJava [52], Major [53] and
PIT [54] for Java, Mutatest [55] and MutPy [56] for Python, and Milu [39] for the
C language. However, for MATLAB programs, as far as we know, there is just one
tool. MATmute is an automatic code mutator for MATLAB, created by Hook et
al. [57] to support their research in mutation sensitivity testing in 2009. Despite
its initial development, the tool has not seen updates since 2015. For MATLAB

Simulink, more recent tools like MUT4SLX [58] and SIMUTATOR [59] are avail-
able. Typically, these tools offer various types of mutation operators (predefined
rules for making changes to the original SUT to create mutants), support for re-
ducing the number of mutants and avoiding equivalent mutants, i.e., mutants that
are syntactically different from the original SUT but show identical behaviour,
and optimisations for speeding up the mutant generation and test process [45].

The high computational costs are considered as one of the main factors hinder-
ing the wider adoption of mutation testing within industry [60]. In the mutant ex-
ecution step, mutation testing requires running the tests from the test suite against
each of the generated mutants. In real-world projects, a large number of mutants
can be generated. For example, as reported in [61], mutation testing applied for a
safety-critical embedded system with 60 KLOC produced 75043 mutants. Thus,
the maximum possible number of test runs is usually huge. It is equal to the num-
ber of tests times the number of mutants (full kill matrix). Even though that in
practice the number of test runs can be significantly reduced when tests are exe-
cuted until one of them eventually kills the mutant, the remaining number of test
executions is usually still very high. This is especially true, if there is a large num-
ber of surviving mutants, as for each of them all the tests of the test suite have to
be run.
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3.4. Association Rule Mining

Association Rule Mining (ARM) is a rule-based unsupervised ML method that en-
ables the discovery of relations between variables or items in large databases [37].
ARM has found applications in various fields, including business analysis, medi-
cal diagnosis, and census data analysis, to uncover previously unknown patterns.
ARM process typically involves two major steps: finding all frequent itemsets that
satisfy minimum support thresholds and generating strong association rules from
these frequent itemsets by applying minimum confidence thresholds. Bellow, we
define important terminology:

• Itemset: An itemset, denoted as I = {X , . . . ,Y,Z}, represents a set of differ-
ent items in the dataset D, typically consisting of k distinct items.

• Association rule: An association rule reveals the relationship between items
in a dataset D containing n transactions with sets of items.

• Support: The support indicates the percentage of transactions in dataset
D containing both itemsets X and Y . For an association rule X → Y , the
support is calculated as:

support(X → Y ) = support(X ∪Y ) = P(X ∪Y )

• Confidence: Confidence represents the percentage of transactions in the
database D with itemset X that also contains itemset Y . It is calculated
using conditional probability, expressed in terms of itemset support:

con f idence(X → Y ) = P(Y |X) = support(X ∪Y )/support(X)

• Lift: Lift measures the frequency of occurrence of X and Y together, con-
sidering their statistical independence. The lift of rule (X → Y ) is defined
as li f t(X → Y ) = con f idence(X → Y )/support(Y ). A lift value of one
indicates that X and Y appear together as frequently as expected under the
assumption of conditional independence.

• Zhang Metric: The Zhang metric, introduced in by Xiaowei Yan et al. [37],
provides a comprehensive measure of the quality and significance of asso-
ciation rules in ARM. Defined as:

zhangs_metric(A →C) =
con f (A →C)− con f (A′ →C)

max[con f (A →C),con f (A′ →C)]

The Zhang metric measures both association and dissociation between items
A and C. With a range of [−1,1], a positive value (> 0) indicates associa-
tion, while a negative value indicates dissociation.

3.5. Predicting Metamorphic Relations

In this section, we first present the Predicting Metamorphic Relations (PMR) pro-
cedure proposed by Kanewala et al. [29](Section 3.5.1). Then, we present a de-
tailed description of the set of pre-defined MRs used in the original and our study
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(Section 3.5.2) as well as the labelled dataset used in the original study (Sec-
tion 3.5.3). Finally, we summarise the evaluation results reported in the original
study (Section 3.5.4).

3.5.1. The PMR Procedure

The goal of the PMR approach is to build a model that predicts whether a method
in a newly developed SUT can be automatically tested by exploiting one or more
MRs contained in a pre-defined set of MRs. Figure 5 shows the PMR procedure.
The PMR procedure consists of three phases. Phase I is responsible for creating a
graph description representation derived from a method’s CFG. The output of this
phase is a DOT file. Phase II is in charge of feature extraction from the method’s
DOT file. Also, each method is labelled with elements from the set of pre-defined
MRs. Thus, the output of this phase is a labelled dataset. Phase III is in charge
of training and evaluating the binary classification models that predict whether
a specific MR is applicable to the unit testing of a specific method. Below we
describe each phase in detail.

Method_n Vn,cVn,c . . . Vn,c 1 . . .1 1

Ft2Ft1 . . . Ftc MR1 . . .MR2 MRc
Method_1 V12V11 . . . V1c 0 . . .1 1
Method_2 V22V21 . . . V2c 1 . . .1 0

... . . ....

...

...

...

...

.... . .

Labelled	dataset

Method_1
CFG 

Generation

Step	1.1
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Labelling

Step	1.2
Method_1.dot
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Phase	II	-	Data	preparation
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data

Data split 

Step	3.2
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Performance
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Figure 5. PMR procedure

Phase I – Graph description representation. This Phase starts with the cre-
ation of the graph representation from the method’s source code. Then a labelled
CFG is created by annotating each node in the CFG. The process can be split into
the following two steps.

Step 1.1 – CFG generation: This step is responsible for creating the CFG
from the method’s source code. To get the CFG, Kanewala et al. use a java tool
called Soot [62]. Soot generates CFG representations in Jimple format, a typed 3-
address intermediate representation, where each CFG node represents an atomic
operation [62]. The left-hand side of Figure 6 shows the CFG representation of
the Algorithm 1 using the soot framework. The numbering of the nodes has been
done manually, i.e., not with the framework, and serves here only to facilitate a
better understanding of the next phase and its steps.

Step 1.2 – CFG labelling: In this step a simplified version of the CFG is cre-
ated by replacing the specific, code-related information of each node in the CFG
by a more general annotation describing the specific operations and conditional
jumps in the original code. The right-hand side of Figure 6 shows the CFG repre-
sentation with the node annotations of the Algorithm 1. Table 1 shows examples
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Algorithm 1 Average of an integer array
1: function AVG(int input[ ])
2: double sum = 0;
3: double average = 0;
4: for (int i = 0; input.length; i++) do
5: sum += input[i];
6: average = sum/input.length;
7: return average

r0 := @parameter0

d0 = 0.0

i0 = 0

goto label1

label1 :$i2 = lenghtof r0

if i0<$i2 goto $i1 = r0[i0]

$i1=r0[i0]

     $d1 = (double)$i1

d0 = d0 + $d1

i0 = i0 + 1

    $i3 = lengthof r0

      $d2 = (double)$i3

   $d3 = d0/$d2

  Return $d3
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Figure 6. On the left, CFG representation of Algorithm 1 using the soot framework; on
the right, its CFG with annotations

of annotations that are assigned depending on the node operation. The annotations
follow the graph description language, i.e., the DOT format.

Phase II – Data preparation. This phase is in charge of extracting a set of
features from the annotated CFGs, i.e, from the Phase I output. Also, to each
method’s annotated CFG zero to six pre-defined MRs are assigned, depending on
their suitability. Like Phase I, Phase II consists of two steps.

Step 2.1 – Feature extraction: Kanewala et al. propose two approaches for
extracting features from CFG representations, features based on nodes and paths,
and features based on graph similarity measures. In the former, the node features
(hereafter simply NF) follows the form NOn − din − dout , where NOn stands for
Node Operation of node n, and din and dout stand for in-degree and out-degree,
respectively. The number of a specific NF type, i.e., NOn − din − dout , is tallied
and used as the NF value. As an example of NF, let us consider the annotated CFG
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of Algorithm 1. As the right-hand side of Figure 6 shows, the annotated CFG of
Algorithm 1 has fourteen nodes. Among these fourteen nodes, there are seven
with the type annotation assi, two with type annotation add, and five with unique
type annotations, i.e, start, goto, if, div and exit. For each node, the din and dout

are calculated, too, to derive the complete NF. For instance, the node start (node
1) will be represented by the NF start-0-1, where start is NO1, 0 is din and 1 is
dout . Each unique NF is tallied to get the corresponding NF value. For start-0-1,
the NF value is 1. Table 2 shows the set of NFs and their values extracted from
Algorithm 1 using its CFG representation.

The feature based on path information (hereafter just PF) refers to the short-
est routes from the start node to each node in the graph, as well as the shortest
path from each node in the graph to the end node. This feature follows the form
NO1−NO2−NO...−NOn, where NOn, as in the NF, denotes a specific operation
statement in node n. The value of each PF is the number of occurrences of each
path in the CFG. For instance, let us consider the labelled CFG of Algorithm 1. As
Figure 6 right side shows, the path composed by the nodes the PF 1-2-3-4-5-6-7
and the nodes 1-2-3-4-5-6-11 can be denoted as start-assi-assi-goto-assi-if-assi.
Therefore, its feature value is 2 since there are two paths represented by one type
of PF. Table 3 shows the set of PFs and their associated PF values extracted from
Algorithm 1 using its CFG representation.

The second approach to extract features from CFG is by using graph similarity
measures. Graph similarity refers to the process of determining the degree of
similarity between two or more graphs. In particular, Kanewala et al. use Random
Walk Kernel (RWK) and Graphlet Kernel (GK). RWK is the most-studied family
of graph kernels [63]. It provides measure the similarity between two or more
graphs based on the number of common walks in the graphs. The concept behind
GK is to randomly sample tiny (connected) sub-graphs of size k, and using them
to compare frequency distributions or to construct graph invariants.

Table 1. Node operations (NO) in the control flow graph and corresponding labels (CL)
for the annotation

NO CL NO CL NO CL NO CL
+ add − sub ∗ mul / div
||, or or &, and and if if = assi
== eql >= geql > gt <= leql
< lt ! = neql := start % rem
invoke fcall return return exit exit goto goto

Step 2.2 – MR labelling: The key idea of PMR is predicting whether a given
method is suited for a particular MR by using binary classifiers. PMR uses super-
vised learning classification algorithms, i.e., a labelled dataset is needed to pro-
vide examples for learning. Thus, after Step 2.1 – Feature extraction, the training
dataset is created by manually labelling each method with applicable MRs. De-
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pending on whether a specific MR does or does not satisfy the method, the method
is labelled with 1 or 0 for this MR, respectively.

Phase III – Training and testing. This phase involves the use of one or more
supervised machine learning (ML) algorithms, or a combination of them, to derive
knowledge from the data. Three steps needs to be conducted.

Step 3.1 – Data split: This step is responsible for splitting the dataset into
two subsets: a training set and a test set. The training set is used to create the
prediction model, while the test set is used to evaluate the performance of the
created prediction model.

Step 3.2 – Model creation refers to the process of building prediction models.
Choosing a good modelling technique is vital for the training and prediction stage
in any ML application, including the PMR approach. Kanewala et al. get the best
results using the Support Vector Machine (SVM) technique.

Step 3.3 – Performance evaluation: This step measures the performance of the
created prediction models. Performance measures are derived from the Confusion
Matrix. Let A denote a classification output in which a specific MRn satisfies
the method m, and let A′ denote a classification output in which a specific MRn

does not satisfy the method m, then A can be seen as the positive class and A′

as the negative class. Using this notation, each standard performance measure is
expressed as a function of the counts of elements in the Confusion Matrix defined
as follows:

• True Positive (TP): The actual MR of a method was A and the predicted
was A. This represents a successful prediction.

• True Negative (TN): The actual MR of a method was A′, the predicted was
A′. This represents a successful prediction.

• False Positive (FP): The actual MR was A′ and the predicted was A. This
represents an unsuccessful prediction.

• False Negative (FN): The actual MR was A and the predicted was A′. This
represents an unsuccessful prediction.

Accuracy is the ratio of successful predictions made to both classes and expressed
as:

Accuracy =
T P+T N

T P+T N +FP+FN
(3.1)

Precision (or positive predictive value) is the ratio of correct predictions made for
class A and is shown in Equation (3.2):

Table 2. Node features extracted from Algorithm 1 related to the nodes of its CFG repre-
sentation

Node Feature Node Feature Value Node Feature Node Feature Value

start-0-1 1 if-2-2 1
assi-1-1 7 add-1-1 2
goto-1-1 1 div-1-1 1
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Table 3. Path Features extracted from Algorithm 1 related to the paths of its CFG repre-
sentation

Path Feature Path Feature value
Shortest path from the start node to each node

start 1
start-assi 1
start-assi-assi 1
start-assi-assi-goto 1
start-assi-assi-goto-assi 1
start-assi-assi-goto-assi-if 1
start-assi-assi-goto-assi-if-assi 2
start-assi-assi-goto-assi-if-assi-assi 2
start-assi-assi-goto-assi-if-assi-assi-add 1
start-assi-assi-goto-assi-if-assi-assi-div 1
start-assi-assi-goto-assi-if-assi-assi-add-add 1
start-assi-assi-goto-assi-if-assi-assi-div-exit 1

Shortest path from each node to the end node

assi-assi-goto-assi-if-assi-assi-div-exit 1
assi-goto-assi-if-assi-assi-div-exit 1
goto-assi-if-assi-assi-div-exit 1
assi-if-assi-assi-div-exit 1
if-assi-assi-div-exit 1
assi-assi-div-exit 1
assi-div-exit 1
div-exit 1
exit 1
assi-assi-add-add-if-assi-assi-div-exit 1
assi-add-add-if-assi-assi-div-exit 1
add-add-if-assi-assi-div-exit 1
add-if-assi-assi-div-exit 1
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Precision =
T P

T P+FP
(3.2)

Recall (or true positive rate, or sensitivity) is the ratio of successful predictions
made to cases of class A

Recall =
T P

T P+FN
(3.3)

The f-measure statistic (or F1 score) is the harmonic mean of precision and recall:

f-measure = 2× Recall ×Precision
Recall +Precision

(3.4)

In addition to the aforementioned performance measures, the Area Under Curve
(AUC) and the Balanced Success Rate (BSR) measures are also widely used. The
AUC is the area under the curve that plots the False Positive Rate (FPR) against
the True Positive Rate (TPR) at different points in [0,1]. In binary classification
problems, the BSR measure is calculated as the average of recall obtained on each
class [64].

3.5.2. MRs Used in the PMR Study

In the original study, Kanewala et al. use six MRs that had been suggested previ-
ously in other studies [22], [30], [31], [65], [66]. Below we describe each MR in
detail.

InputT D = Xi, ...,Xn where Xi ≥ 0, 0 ≤ i ≤ n
The outputs of the source and follow-up test cases are written as Out putT D(X)

and Out putT T D(Y ), respectively.
The MRs based on these inputs and outputs are:

• MR1: “Addition” (ADD). To get the ttd input, add a positive constant “C”
to each element of the td input, i.e.,

InputT T D = X1 +C, X2 +C, X3 +C...,Xn +C,

Then the following output-relation must hold:

Out putT T D(Y )≥ Out putT D(X)

• MR2: “Multiplication” (MUL). To get the ttd input, multiply each td input
element with a positive constant “C”, i.e.,

InputT T D = X1 ∗C, X2 ∗C, ..., Xn ∗C

Then the following output-relation must hold:

Out putT T D(Y )≥ Out putT D(X)

• MR3:“Permutation” (PER). To get the ttd input, randomly permute the td
input elements, e.g., like

InputT T D = X3, X1, Xn, ..., X2

Then the following output-relation must hold:

Out putT T D(Y ) = Out putT D(X)
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• MR4: “Inclusive” (INC). To get the ttd input, include a new element “Xn+1 ≥
0” to the td input, e.g., like

InputT T D = X1, X2, X3, ..., Xn, Xn+1

Then the following output-relation must hold:

Out putT T D(Y )≥ Out putT D(X)

• MR5: “Exclusive” (EXC). To get the ttd input, remove an element “Xn−1 ≥
0” from the td input, e.g., like

InputT T D = X1, X2, X3, ..., Xn−1

Then the following output-relation must hold:

Out putT T D(Y )≤ Out putT D(X)

• MR6: “Invertive” (INV). To get the ttd input, take the inverse of each td
input element Xi > 0, i.e.,

InputT T D = 1/X1, 1/X2,1/X3, ...,1/Xn

Then the following output-relation must hold:

Out putT T D(Y )≤ Out putT D(X)

3.5.3. Dataset Used in the PMR Study

In their original study, Kanewala et al. relied on a code corpus containing 100 Java
methods that take numerical inputs and produce numerical outputs. The methods
are from the open-source libraries Colt Project [67], which is an open-source li-
brary written for high-performance scientific and technical computing, Apache
Mahou [68], which is a machine learning library, Apache Commons Mathemat-
ics [69], which is a Library of mathematics and statistics components, and Java
Collections [70], which is a framework that provides an architecture to store and
manipulate the group of objects. All of these libraries are written in Java.

To create a training dataset, Kanewala et al. manually labelled each method
with the set of pre-defined MRs in a binary manner, i.e., if MRn matches a method
m, then this method is assigned the label 1 for MRn, otherwise it is 0.

Table 12 reports the total number of methods that do and do not match a spe-
cific MR. One sees that more than half of the methods match with MRs denoted as
ADD, MUL and INV, while approximately one third of the methods match with
MRs denoted as PER, INC, and EXC.

Table 5 reports how many methods have 0, 1, 2, ... 6 matching MRs and how
those MRs are distributed in each case. 20 out of 100 methods have no matching
MR, and only 9 out of 100 methods match with all six MRs simultaneously. Ta-
ble 6 shows the names of all methods used in the study and the library to which
they belong. It also shows whether or not a specific MR matches the method. For
better readability, we use the symbol ✓ to denote that a specific MR matches,
otherwise, we use the symbol ✗. In total, 26 methods stem from the Colt project,
8 are from Apache Mahout, 25 are from Apache Commons Mathematics, and 41
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methods are from Java Collections. These methods are provided by Kanewala
et al.1 in the form of CFG representation, using the graph description language
format DOT, instead of source code.

Table 4. Total number of methods that match (✓) and do not match (✗) a specific MR

MR Change in the input Output expected ✓ ✗

ADD Add a positive constant Increase or remain constant 56 44
MUL Multiply by a positive constant Increase or remain constant 66 34
PER Permute the components Remain constant 33 67
INC Add a new element Increase or remain constant 34 66
EXC Remove an element Decrease or remain constant 32 68
INV Take the inverse of each element Decrease or remain constant 63 37

Table 5. Total number of methods that have 0, 1, 2, ..., 6 matching MRs and their distri-
butions

No. MR∤ No. Met⊥ ADD MUL PER INC EXC INV
0 20 0 0 0 0 0 0
1 8 2 3 0 2 0 1
2 7 3 4 2 1 1 3
3 23 19 17 5 5 5 18
4 26 16 26 16 10 10 26
5 7 7 7 1 7 7 6
6 9 9 9 9 9 9 9

∤Number of MRs that may apply to certain method, ⊥Number of methods
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Figure 7. Total number of methods that satisfies or non-satisfies each MR

1http://www.cs.colostate.edu/saxs/MRpred/functions.tar.gz
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Table 6. Labelled dataset [29]: symbol ✓denotes an MR-method match; symbol ✗ de-
notes that there is no match

ID Method Name Lib Metamorphic Relation ID Method Name Lib Metamorphic Relation
ADD MUL PER INC EXC INV ADD MUL PER INC EXC INV

1 add_values Col ✓ ✓ ✓ ✓ ✓ ✓ 51 find_median Col ✓ ✓ ✓ ✗ ✗ ✓
2 array_calc Col ✓ ✓ ✗ ✗ ✗ ✓ 52 find_min Col ✓ ✓ ✓ ✗ ✗ ✓
3 array_copy Col ✓ ✓ ✗ ✗ ✗ ✓ 53 g_Test Mth ✗ ✓ ✗ ✓ ✓ ✓
4 autoCorrelation Ct ✗ ✗ ✗ ✗ ✗ ✗ 54 geometric_mean Col ✓ ✓ ✓ ✗ ✗ ✓
5 average Col ✓ ✓ ✓ ✗ ✗ ✓ 55 get_array_value Col ✓ ✓ ✗ ✓ ✓ ✓
6 bi_SearchFromTo Ct ✗ ✗ ✗ ✓ ✗ ✗ 56 hamming_dist Col ✗ ✗ ✗ ✓ ✓ ✓
7 bubble Mth ✓ ✓ ✓ ✗ ✗ ✓ 57 harmonicMean Ct ✓ ✓ ✓ ✗ ✗ ✓
8 cal_AbsoluteDiff Mth ✓ ✓ ✗ ✗ ✗ ✓ 58 insertion_sort Col ✓ ✓ ✓ ✗ ✗ ✓
9 cal_Diff Mth ✗ ✗ ✗ ✗ ✗ ✗ 59 kurtosis Ct ✓ ✓ ✓ ✗ ✗ ✗

10 chebyshevDist Mh ✗ ✓ ✗ ✓ ✓ ✓ 60 lag Ct ✗ ✓ ✗ ✗ ✗ ✗

11 checkNonNegative Mth ✗ ✓ ✓ ✓ ✗ ✓ 61 manhattanDist Mh ✗ ✓ ✗ ✓ ✓ ✓
12 checkPositive Mth ✗ ✓ ✓ ✓ ✗ ✓ 62 manhattanDist2 Col ✗ ✓ ✗ ✓ ✓ ✓
13 check_equal Col ✗ ✗ ✗ ✗ ✗ ✗ 63 max Ct ✓ ✓ ✓ ✓ ✓ ✓
14 check_eq_tolerance Col ✗ ✗ ✗ ✗ ✗ ✗ 64 meanDeviation Ct ✓ ✗ ✓ ✗ ✗ ✗

15 chiSquare Mth ✗ ✓ ✗ ✗ ✗ ✓ 65 mean_Diff Mth ✗ ✗ ✗ ✗ ✗ ✗

16 clip Col ✗ ✗ ✗ ✗ ✗ ✗ 66 mean_abs_error Col ✗ ✓ ✗ ✗ ✗ ✓
17 cnt_zeroes Col ✗ ✗ ✓ ✓ ✓ ✗ 67 min Ct ✓ ✓ ✓ ✗ ✗ ✓
18 canberraDist Mth ✗ ✗ ✗ ✓ ✓ ✓ 68 partition Mth ✗ ✗ ✗ ✗ ✗ ✗

19 cal_DividedDiff Mth ✓ ✗ ✗ ✗ ✗ ✗ 69 polevl Ct ✓ ✓ ✗ ✓ ✓ ✓
20 cosineDist Mh ✗ ✓ ✗ ✗ ✗ ✗ 70 pooledMean Ct ✓ ✓ ✓ ✗ ✗ ✓
21 count_k Col ✗ ✗ ✓ ✓ ✓ ✗ 71 pooledVariance Ct ✓ ✓ ✓ ✗ ✗ ✓
22 count_non_zeroes Col ✓ ✓ ✓ ✓ ✓ ✓ 72 power Ct ✗ ✓ ✗ ✗ ✗ ✓
23 covariance Ct ✓ ✗ ✗ ✗ ✗ ✗ 73 product Ct ✓ ✓ ✓ ✓ ✓ ✓
24 dec Mh ✗ ✗ ✗ ✗ ✗ ✗ 74 quantile Ct ✓ ✓ ✗ ✗ ✓ ✓
25 dec_array Col ✓ ✓ ✗ ✗ ✗ ✓ 75 reverse Col ✓ ✓ ✗ ✗ ✗ ✓
26 Dist Mth ✗ ✓ ✗ ✓ ✓ ✓ 76 safeNorm Col ✓ ✓ ✓ ✓ ✓ ✓
27 DistInf Mth ✗ ✓ ✗ ✓ ✓ ✓ 77 sampleKurtosis Mth ✓ ✗ ✓ ✗ ✗ ✓
28 dot_product Col ✓ ✓ ✗ ✓ ✓ ✓ 78 sampleSkew Ct ✓ ✗ ✓ ✗ ✗ ✗

29 durbinWatson Ct ✗ ✓ ✗ ✗ ✗ ✗ 79 sampleVariance Ct ✓ ✓ ✓ ✗ ✗ ✓
30 ebeAdd Mth ✓ ✓ ✗ ✗ ✗ ✓ 80 sampleWeightedVar Ct ✗ ✗ ✗ ✗ ✗ ✓
31 ebeDivide Mth ✗ ✗ ✗ ✗ ✗ ✗ 81 scale Ct ✓ ✓ ✗ ✗ ✗ ✓
32 ebeMultiply Mth ✓ ✓ ✗ ✗ ✗ ✓ 82 s_add Mh ✓ ✗ ✗ ✓ ✓ ✗

33 ebeSubtract Mth ✗ ✗ ✗ ✗ ✗ ✗ 83 selection_sort Col ✓ ✓ ✓ ✗ ✗ ✓
34 elemtWise_equal Col ✗ ✗ ✗ ✗ ✗ ✗ 84 sequential_search Col ✗ ✗ ✗ ✓ ✓ ✗

35 elemtWise_max Col ✓ ✓ ✗ ✗ ✗ ✓ 85 set_min_val Col ✓ ✓ ✗ ✗ ✗ ✓
36 elemtWise_min Col ✓ ✓ ✗ ✗ ✗ ✓ 86 shell_sort Col ✓ ✓ ✓ ✗ ✗ ✓
37 elemtWise_not_eq Col ✗ ✗ ✗ ✗ ✗ ✗ 87 skew Col ✓ ✓ ✓ ✗ ✗ ✗

38 entropy Mth ✓ ✓ ✓ ✓ ✓ ✗ 88 square Col ✓ ✓ ✗ ✗ ✗ ✓
39 equals Mth ✗ ✗ ✗ ✗ ✗ ✗ 89 standardize Col ✓ ✓ ✗ ✗ ✗ ✗

40 errorRate Mh ✗ ✗ ✗ ✗ ✗ ✗ 90 sum Mh ✓ ✓ ✓ ✓ ✓ ✓
41 euc_Dist Mth ✗ ✓ ✗ ✓ ✓ ✓ 91 sumOfLogarithms Col ✓ ✓ ✓ ✓ ✓ ✓
42 evaluateHoners Mth ✓ ✓ ✗ ✓ ✓ ✓ 92 sum_Power_Deviat Ct ✗ ✗ ✗ ✗ ✗ ✗

43 eval_Internal Mth ✗ ✗ ✗ ✗ ✗ ✗ 93 sum_labeled Ct ✗ ✗ ✗ ✗ ✗ ✗

44 evalNewton Mth ✗ ✗ ✗ ✓ ✗ ✗ 94 tanimotoDist Mh ✗ ✗ ✗ ✗ ✗ ✗

45 evalWeightedProd Mth ✓ ✓ ✗ ✓ ✓ ✓ 95 variance Col ✓ ✓ ✓ ✗ ✗ ✓
46 find_diff Col ✗ ✗ ✗ ✗ ✗ ✗ 96 var_Difference Ct ✓ ✓ ✗ ✗ ✗ ✓
47 find_euc_Dist Col ✗ ✓ ✗ ✓ ✓ ✓ 97 weightedMean Ct ✓ ✓ ✗ ✗ ✗ ✓
48 find_magnitude Col ✓ ✓ ✓ ✓ ✓ ✓ 98 weightedRMS Ct ✗ ✗ ✗ ✗ ✗ ✗

49 find_max Col ✓ ✓ ✓ ✓ ✓ ✓ 99 weighted_average Col ✓ ✓ ✗ ✗ ✗ ✓
50 find_max2 Col ✓ ✓ ✗ ✓ ✓ ✓ 100 winsorizedMean Ct ✓ ✓ ✗ ✗ ✓ ✓

Col: Java Colction, Mh: Apache Mhut, Mth: Apache Commons Mthematics

3.5.4. Performance Achieved in the PMR Study

Kanewala et al. use features based on nodes and paths, as well as features based
on graph similarity (RWK and GK), to build 18 binary SVM models, i.e., three
models (each using different feature sets) per any of the six specific MRs. They
use AUC and BSR to evaluate model performance and consider AUC > 0.80 to
be a good classification performance. Among the eighteen trained SVM models,
the most promising one was when RWK was used. The average performance for
the six models using RWK was 0.87 in terms of AUC.
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4. RELATED WORK

MT has been demonstrated to be an effective technique for testing in a variety of
application domains, e.g., autonomous driving [8], [9], cloud and networking sys-
tems [12], [13], bioinformatic software [14], [15], scientific software [21], [71]. In
the context of testing OA using MT, there have been a limited number of studies.
However, the existing research demonstrates the effectiveness of MT as a testing
technique for OAs. For instance, Yoo [11] applied MT to stochastic OAs and eval-
uated its impact on different problem instances, i.e., specific selection of values
for the algorithm parameters. The study focused on the Next Release Problem
(NRP) and showed that MT could be effective in testing OAs, even considering
their stochastic nature.

The application of MT to industrial-like scenarios has been extensively demon-
strated in academic research. These studies, while academic in origin, validate
MT’s utility in addressing real-world challenges in industrial settings. Exam-
ples include testing navigation systems like Google Maps [72], optimizing cyber-
physical systems [73], and verifying industrial control systems [74]. In the case of
Google Maps [72], MT identified bugs in route optimization algorithms, includ-
ing inconsistent cost calculations and non-optimal paths under certain transfor-
mations. For cyber-physical systems [73], MT revealed performance instability
caused by environmental variations and nonlinear scaling issues in manufacturing
processes. Similarly, for industrial control systems [74], MT detected synchro-
nization bugs and unsafe state transitions due to parameter inconsistencies.

It is well known that the efficacy of MT heavily relies on the specific MRs
employed. Some research has been done on how to choose “good" MRs. Chen
et al. [75] examined several MRs discovered for shortest path and critical path
programs, attempting to determine MRs that are useful. Liu et al. [76] introduced
the Composition of MRs (CMRs) technique for constructing new MRs by mixing
multiple existing ones. Zhang et al. [77] proposed a method in which an algorithm
searches for MRs expressed as linear or quadratic equations. Chen et al. [78] de-
veloped METRIC, a specification-based technique and related tool for identifying
MRs based on the category-choice framework. They also expanded METRIC into
METRIC+ by integrating the information acquired from the output domain [79].

Kanewala et al. [30], were the first to show that, for previously unseen meth-
ods, applicable MRs can be predicted using ML techniques. Their work showed
that classification models created using a set of features extracted from CFGs and
a set of predefined MRs are effective in predicting whether a method in a newly
developed SUT can be tested using a specific MR taken from the pre-defined set.
Then, they extend their first work [30] by conducting a feature analysis to identify
the most effective CFG’s related features for predicting MRs [29]. Their results
showed that SVM models built with features based on CFG similarity measure-
ments, in particular using RWK, perform better than SVM models using nodes-
and paths-based features with linear kernel.
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Hardin et al. [31] extended the initial PMR study [30] using semi-supervised
learning techniques on a set of node-based features and the CFG path tagged with
six predefined MRs. Rahman et al. [22] applied PMR approach for predicting
three high-level categories of MRs (i.e., Permutative, Additive, and Multiplica-
tive) for matrix-based programs. Their results show that the RWK can effectively
predict these MRs. Nair et al. [80] explored and compared equivalent and non-
equivalent mutants as data augmentation technique to broaden the training set
using PMR. Their augmentation approach was tested on the PMR original study
dataset [30]. The study demonstrated that equivalent mutants are a valid data
augmentation technique to improve the PMR detection rate. Zhang et al. [32]
presented RBF-MLMR, a multi-label technique that predicts MRs using radial
basis function neural networks. Instead of using several binary classifiers like in
PMR, RBF-MLMR use a neural network to predict all potential MRs for a given
method. The major difference between this technique and PMR is the usage of
multi-label and neural networks, but it follows the same pipeline as PMR original
study. Also, the RBF-MLMR’s feature design is CFG’s node- and path-based.

Rahman et al.[81] introduce MRpredT which is a text classification-based
ML approach to predict MRs using software documentation. The idea behind
their MRpredT approach is to build a model that predicts whether a method in a
newly developed SUT can be tested using a specific MR. A total of 93 program’s
Javadocs, which handle matrix operations, were used for their study. Then, text
feature extraction methods are applied to those pre-processed Javadocs to obtain
the feature vectors. These feature vectors of the programs are then supplied into
the SVM and Naive Bayes classification algorithms with their associated MR la-
bels. The MR labels are identified manually for all the programs. A disadvantage
of MRpredT approach is the need of having a pre-defined set of MRs. Blasi et
al.[24], proposed an approach supporting unit testing at the method level called
MeMo, to “automatically derive metamorphic equivalence relations from natural
language documentation, and use such metamorphic relations as oracles in auto-
matically generated test cases". MeMo infers MRs by identifying sentences in the
comments that describe equivalent behaviours between different methods of the
same class. Then, the inferred MRs get automatically translated into executable
assertions.

Regarding finding constraints of MRs, Castro-Cabrera et al. [82] proposed a
method that generates MRs based on two concepts: identifying potential input
constraints and utilising constraint solvers to produce concrete input values satis-
fying the identified constraints. This approach is argued to generate more pow-
erful and effective MRs compared to traditional methods. However, it should be
noted that using constraint solving requires significant technical expertise and re-
sources. Additionally, constraint solving can be computationally expensive and
may require longer processing times, particularly for complex systems.

In assessing the effectiveness of MRs, Chen et al. [75] conducted case stud-
ies applying MT to implementations of shortest path and critical path algorithms.
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Their findings suggested that merely relying on theoretical properties is insuffi-
cient for distinguishing good MRs; instead, effective MRs are those that induce
greater differences in the executions of the SUT. They proposed understanding
the algorithm of the SUT before selecting MRs. Pioneering work by Asrafi et
al. [38] offers a theoretical evaluation of MR effectiveness primarily through mu-
tation analysis and code coverage. However, these metrics may not always pro-
vide actionable insights in specific industrial applications. Another study by Jia
et al. [39] proposed a framework for assessing the effectiveness of MT. This in-
volved using collections of real images from published libraries for generating
test inputs, followed by mutation testing to evaluate fault detection rates. Their
experiments showed that MT could detect faulty edge detection programs with up
to 90% accuracy.

Jameel et al.[83] implemented Support Vector Machine (SVM) classifiers to
automatically determine the correctness of output images, eliminating the need
for manual validation in image processing applications. Their comparative study
against traditional MT and statistical oracle methods demonstrated SVM’s supe-
riority in terms of classification error rates. In another study, Jafari et al. [40]
selected existing MRs specific to image processing operations and proposed new
MRs to fill identified gaps, particularly focusing on operations like dilation and
erosion. They evaluated the fault detection rates of these MRs using mutation
testing and compared them with existing ones to assess improvements or defi-
ciencies. This comparison aids in understanding the robustness of MRs across
different image processing tasks.

It is evident that mutation testing is a common method for assessing effective-
ness; however, our study distinguishes itself by integrating MetaTrimmer, mu-
tation testing, and three-level assessment strategy into a structured three-phase
approach.
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5. METATRIMMER: A TEST-DATA-DRIVING
APPROACH FOR CLASSIFYING METAMORPHIC

RELATIONS

Chapter 5, covers Contribution No. 1 and is based on the publications I, II, III
and IV. The chapter is organised as follows: Section 5.1 provides the context of
Contribution No. 1, detailing the background and challenges of MR classifica-
tion, along with the motivation for proposing a TD-driven approach. Section 3.5
presents an overview of PMR approach, including its pipeline, dataset, predefined
MRs, and evaluation results. In Section 5.2, we outline the key insights from the
conceptual replication and extension of the PMR approach, establishing a founda-
tion for comparison. Section 5.3 introduces MetaTrimmer, providing an in-depth
explanation of its methodology and the results of the proof-of-concept evaluation.
Finally, Section 5.3.5 discusses the answers to the research questions.

5.1. Introduction

One of the earliest and most influential works in generating MRs following a
syntactically-based approach is PMR introduced by Kanewala et al. [29], pub-
lished in STVR [29] and at ISSRE [30]. The idea behind PMR approach is to
build a model to predict whether a method in a newly developed SUT can be
tested using a specific MR. This approach relies on a predefined set of MRs and a
classifier trained on CFG features extracted from a pool of sample methods. Ini-
tial evaluations of PMR used path- and node-based features extracted from CFG
of Java methods and three predefined MRs to train SVM and decision tree models
[30]. The approach was later extended to six predefined MRs using graph simi-
larity measures, such as Random-Walk Kernel (RWK) and Gaussian Kernel (GK)
[29]. Subsequent works have built on the PMR approach, including studies by
Hardin et al. who aplied semi-supervised learning on CFG-based features [31],
Rahman et al. who adopted PMR for matrix-based programs [22], and Zhang et
al. [32] who introduced RBF-MLMR, a multi-label method for predicting MRs
using radial basis function neural networks. Unlike PMR, which employs multi-
ple binary classifiers, RBF-MLMR predicts all possible MRs for a given method.
While RBF-MLMR uses a different algorithm than PMR, it adheres the same
PMR methodology and feature extraction process.

Despite promising results from the PMR study and subsequent works, the PMR
approach has significant limitations. First, it relies on binary classifiers that re-
quire labelled datasets for learning. However, labelled datasets are not always
readily available, and creating them can be time-consuming. Second, the feature
extraction process for model training is based on CFG, which may not account for
refactoring. This limitation can impact the accuracy of the PMR since refactoring
can alter code structure and, consequently, affect the applicability of MRs. Lastly,
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the binary output of PMR does not consider TD and its impact on MRs applicabil-
ity. This suggests that PMR does not account for cases where an MR may apply
to specific TD characteristics while failing for others, leading to potential false
positives or false negatives in MR selection.

To address these challenges, we propose MetaTrimmer, a TD-driven approach
that shifts the focus from classification models to leveraging the relations be-
tween TD characteristics and MR violations. Building on insights from the PMR
methodology, MetaTrimmer introduces a more flexible classification process that
considers the behaviour of TD during the MT process. Instead of relying solely
on code structure and CFG features, MetaTrimmer evaluates MRs based on their
applicability across diverse TD inputs, recognising that MRs may not universally
apply to all input spaces.

In this chapter, we address RG1, which aims to propose a method for classify-
ing MRs based on TD. The chapter answers the following research questions:

• RQ1.1: How can TD be used to classify MRs?
• RQ1.2: How well does the TD-driven MR classification method perform?

To address these questions and achieve the RG1, we first revisit and repli-
cate the original PMR approach, reconstructing the preprocessing and training
pipeline to evaluate its performance across different programming languages, in-
cluding Java, Python, and C++. Our replication confirmed that while PMR is
effective for Java, its performance declines significantly when applied to function-
ally identical methods in other languages without retraining the classifiers. This
highlighted the need for a more adaptable approach that can transcend language-
specific constraints. Additionally, we extended the original PMR approach by
considering features beyond CFGs, defining 21 source code-based features and
building several classifiers. Our results show that while the original CFG-based
features—particularly with an SVM using the RWK—yield better predictions for
most MRs, our source code-based features achieved the best AUC-ROC (greater
than 0.8) for one candidate MR.

Building on the findings of the replication study and the exploration of new
features for training the classifiers, we propose a shift toward a TD-centric ap-
proach. MetaTrimmer introduces a process where TD is transformed based on the
MRs, executed, and analysed to classify MRs based on their observed violation
status. Through this approach, we discovered that some MRs are not universally
applicable across all TD inputs, leading to the concept of mixed cases—scenarios
where MR violations are not consistently observed. These mixed cases under-
score the importance of considering the variability within TD when determining
MR applicability. Through comparative analysis with the PMR approach, we
demonstrate that MetaTrimmer offers a more refined and flexible method for MR
classification.
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5.2. Replication and Extension of the PMR Approach: Key
Insights and Findings

In this section, we provide an overview of a conceptual replication study (Sec-
tion 5.2.1) and the subsequent extension of the PMR approach (Section 5.2.2).
We then highlight the key findings and the main outcomes of these efforts (Sec-
tion 5.2.3).

5.2.1. Conceptual Replication of PMR Approach

We follow the guidelines suggested by Carver [84] and the ACM guidelines on
reproducibility (different team, different experimental setup) [85]: “The mea-
surement can be obtained with stated precision by a different team, a different
measuring system, in a different location on multiple trials. For computational
experiments, this means that an independent group can obtain the same or sim-
ilar result using artefacts, which they develop completely independently”. We
decided to replicate the Kanewala et al. [29] PMR study in three steps. In each
step, we use the same set of predefined MRs used in the original study.

In the first step, we rebuilt the entire pipeline for extracting CFG information
from source code to training and testing classification models in order to repeat
the process described in the original study by Kanewala et al. The authors of the
original study provided the extracted CFG information for replicating their work
but not the Java source code of the analysed methods, which we retrieved from the
corresponding project repositories on GitHub. We also had to develop the classi-
fication models that we then used for predicting MRs, because also they were not
shared by the authors of the original paper. We conducted the first step to check
whether we can re-create the classifiers with as good quality as in the original
study and to prepare for the next steps by building our own classifiers based on
features extracted from the CFG derived from the source code of methods.

The next two steps of our study aimed at exploring the transferability and gen-
eralisability of the PMR method. In the second step, we checked whether clas-
sifiers generated from Java code perform equally well when applied to Python
and C++ code. Therefore, we created two datasets, one comprising 100 methods
in Python and other one comprising 100 methods in C++. Both sets of methods
implemented the exact same functionality as the 100 Java methods used in the
first step. We did this to guarantee that the MRs taken from the original study
would apply in the same way to the Python and C++ methods as they did in the
original study using Java. To check the generalisability of the PMR method to
other programming languages we then also developed individual classifiers for
each programming language (Python, C++) starting out from code in the same
programming language to which the classifier will be applied during evaluation.

The results of our study indicate that PMR classifiers generated based on arte-
facts implemented in one programming language do not perform well when ap-
plied to artefacts implemented in a different programming language, even though
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the classifiers are based on CFGs to abstract from programming language and im-
plementation details, the implemented functionality is exactly identical, and the
set of MRs remains unchanged. On the other hand, it seems to be possible to gen-
eralise the PMR method in the sense that it can be applied with good performance
on code implemented in a different programming language as long as the PMR
classifiers are redeveloped based on code implemented in the same programming
language.

The detailed replication study, including the methodology, research questions,
and implementation details, can be found in Appendix A, as well as in [35] (pub-
lication I).

5.2.2. Extension of PMR Approach

The key part of PMR is feature design. In the original PMR work [30], Kanewala
et al. used the CFG’s path- and node-based features of 48 Java methods and three
predefined MRs to train SVM and decision trees models. The authors show en-
couraging results when using node- and path-based features and SVM. Then,
Kanewala et al. [29] extends their initial work by examining 100 Java methods
and a set of six predefined MRs. As in the initial study, Kanewala et al. use
SVMs, and features extracted from the methods’ CFGs. However, instead of the
node- and path-based features, the authors used measures of similarity between
graphs. In particular, RWK and GK. Kanewala et al. concluded that SVM models
trained with RWK-based features performed better than those trained with GK
and with node- and path-based features (using a default linear kernel).

While the original study by Kanewala et al. [29], [30] showed encouraging re-
sults, the design of PMR features was limited to features extracted from the meth-
ods’ CFGs only. First generating CFGs from the source code and then extracting
features is relatively costly as compared to extracting features directly from the
source code. To see whether and how the PMR approach could be improved by
using features extracted directly from source code, as well as using those features
with other classification approaches than SVM, we decided to conduct a study
using the same set of methods and the same set of MRs as in Kanewala et al.
[29]. Therefore, we extended the original PMR approach by looking at 21 fea-
tures directly extracted from the source code. In addition, we experiment with
five different binary classification models (including SVM).

Our results indicate that using the original CFG-based method-level features,
in particular for a SVM with RWK, achieve better predictions in terms of AUC-
ROC for most of the candidate MRs than our models. However, for one of the
candidate MRs, using source code features achieved the best AUC-ROC result
(greater than 0.8).

The detailed extension study, including the methodology, research questions,
and implementation details, can be found in Appendix B, as well as in [7] (publi-
cation II).
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5.2.3. Key Takeaways from Replication and Extension

The baseline approach for selecting MRs from a predefined set is PMR proposed
by Kanewala et al. [29]. As previously discussed, the idea behind PMR is to
develop a model capable of predicting whether a specific MR can be used to test
a method in a newly developed SUT. To evaluate the generalisability of PMR
across various programming languages, we conducted a replication study on PMR
[35]. Our replication study involved reconstructing the preprocessing and training
pipeline. The results of our replication study validated the reported findings and
laid the groundwork for subsequent experiments.

In addition to this, we explored the potential reusability of the PMR model ini-
tially trained on Java methods. We assessed its suitability for functionally identical
methods implemented in Python and C++. While the PMR model demonstrated
strong performance with Java methods, its prediction accuracy notably declined
when applied to Python and C++ methods. Nevertheless, we found that retraining
the classifiers using CFGs specific to Python and C++ methods led to improved
performance. Furthermore, we conducted an evaluation of the PMR approach,
considering source code metrics as an alternative to CFG for building the models
[7]. Our results also led to the conclusion that a generalisation of PMR beyond
unit testing, such as its application to system-level testing, does not appear to be
feasible.

5.3. MetaTrimmer

Despite promising results from the PMR study and subsequent works (e.g., [30],
[65], [29], [31], [22], [80], [32]), the PMR approach has significant limitations.
Firstly, it relies on binary classifiers that require labelled datasets to provide ex-
amples for learning. Labelled datasets may not always be available, and obtaining
them can be time-consuming. Secondly, the feature extraction process for model
training is based on CFG or source code metrics, which may not account for refac-
toring. This limitation can affect the accuracy of the PMR approach, as refactor-
ing can change the structure of the code and, consequently, the way MRs apply.
Lastly, the binary output of PMR may not consider TD and its impact on MR ap-
plicability. This limitation implies that PMR does not consider the possibility that
an MR may apply to some TD with specific characteristics and not others, leading
to false positives or false negatives in MR selection.

Motivated by the limitations of PMR, we proposes MetaTrimmer, a TD-driven
method for classifying MRs. Similar to PMR, we assume a predefined list of MRs
is available. However, MetaTrimmer does not rely on labelled datasets and takes
into account that an MR may only be applicable to TDwith specific characteristics.

This section, therefore, delves into the details of MetaTrimmer (Section 5.3.1),
its evaluation and results (Section 5.3.3), threats to validity of the evaluation (Sec-
tion 5.3.4) and the key findings (Section 5.3.5).
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Figure 8. MetaTrimmer overview workflow

5.3.1. MetaTrimmer Process

Figure 8 provides an overview of MetaTrimmer. Overall, MetaTrimmer consists
of three main steps: TD Generation, MT Process, and MR Analysis. In the TD
Generation step, TD is generated. The MT Process step consists of three inter-
nal processes. Firstly, the TD produced in the TD Generation step is transformed
based on the MRs specifications, resulting in TTD. Next, both the TD and TTD
are executed against the SUT, and the outputs are compared against the MR spec-
ifications using the MR Checker, which provides a violation status for each MR.
Throughout these steps, the TD, TTD, corresponding SUT outputs, and the vio-
lation status of each predefined MR are stored in a log file. Finally, in the MR
Analysis step, the recorded data is analysed to determine the frequency of MR
violations and non-violations for each applied MR. The output of this step is a
JSON file that contains such information.
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The selection and constraint process involves manual analysis and inspection.
The frequency of MR violations or non-violations is examined to determine their
applicability to the SUT. A consistent 100% violation rate indicates that the MR
does not apply to the SUT, while a non-violation rate suggests a match with the
SUT behaviour. In scenarios with mixed cases, i.e., where violations and non-
violations are not 100%, it becomes crucial to identify specific TD or ranges where
the MR is applicable. This situation raises important questions for the tester:
‘What is the valid input space in which the MR is violated or not violated?’ and
‘What is the input space that results neither violates nor non-violation of MRs, but
causes the system to crash?’. By considering these questions and performing the
necessary analysis, the tester can not only select MRs but also accurately specify
the input-output relations across the valid input space.

5.3.2. SUT and Predefined Set of MRs

As we explain in Section 5.2, Kanewala et al. manually labelled 100 Java methods
with a set of six predefined MRs in a binary manner. Then, in [35], we extended
the original PMR approach to include two additional programming languages,
Python and C++. We created two datasets consisting of source codes of methods
written in Python and C++. The methods in each dataset are functionally identical
to those used in the original Java dataset used by Kanewala et al. Because the
functionality of the Python methods is equivalent to that of the Java methods, the
same MRs that matched the Java methods would also match the corresponding
Python and C++ methods.

Table 7. MRs used and the total number of methods to which a specific MR applies
(column ‘✓’)

MR Change in the input Output expected ✓ ✗

MRPER Permute the components Remain constant 23 2
MRADD Add a positive constant Increase or remain constant 21 4
MRMUL Multiply by a positive constant Increase or remain constant 24 1
MRINV Take the inverse of each element Decrease or remain constant 20 5
MRINC Add a new element Increase or remain constant 14 11
MREXC Remove an element Decrease or remain constant 13 12

Total number of cases to which the set of MRs applies (✓) and does not apply (✗) 115 35

The MetaTrimmer evaluation used 25 Python methods from the dataset we
created in [35]. We also kept the same MRs and their labels, ensuring they are the
same as those created by Kanewala et al.[29]. Table 7 summarises the MRs used,
the changes in the inputs and expected outputs, and the total number of methods
to which a specific MR applies. Table 8 presents the list of methods with their
respective labels as reported in [29] and [35]. The label ‘1’ indicates that the MR
applies (always), while the label ‘0’ indicates that the MR does not apply (always)
to the method.
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Table 8. Set of methods with labels from [29] and [35]: ‘1’ denotes the MR-method
applies (always); ‘0’ denotes that the MR-method does not applies (always)

Method name MRPER MRADD MRMUL MRINV MRINC MREXC

add_values 1 1 1 1 1 1
average 1 1 1 1 0 0
checkNonNegative 1 0∗ 1 1 1 0
checkPositive 1 0∗ 1 1 1 0
cnt_zeros 1 0∗ 0∗ 0∗ 1 1
count_non_zeros 1 1 1 1 1 1
durbinWatson 0 0 1 0 0 0
entropy 1 1 1 0 1 1
find_magnitude 1 1 1 1 1 1
find_max 1 1 1 1 1 1
find_max2 0 1 1 1 1 1
find_median 1 1 1 1 0 0
find_min 1 1 1 1 0 1
geometric_mean 1 1 1 1 0 0
harmonicMean 1 1 1 1 0 0
kurtosis 1 1 1 0 0 0
max 1 1 1 1 1 1
min 1 1 1 1 0 0
product 1 1 1 1 1 1
safeNorm 1 1 1 1 1 1
sampleVariance 1 1 1 1 0 0
skew 1 1 1 0 0 0
sum 1 1 1 1 1 1
sumOfLogarithms 1 1 1 1 1 1
variance 1 1 1 1 0 0

5.3.3. Evaluation and Results

For the evaluation of MetaTrimmer, we consider two scenarios. In the first sce-
nario, we assume prior knowledge of the initial restriction on the TD, specifically
that only positive numbers are allowed. In the second scenario, we explore the
case where this prior knowledge is absent.

Figure 9 illustrates the pipeline that was developed for implementing MetaTrim-
mer and conducting the evaluations. The implementation consists of five Python
scripts. The first script, named InputGenerator.py 1 , is a fuzzer that uses a
random number generator to create the TD, which is based on a list of parame-
ters. The output of this script is a JSON a file that contains the generated TD. The
parameters are:
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• low (l): Fuzzer minimum value threshold. The minimum number that the
fuzzer will consider. For instance, if “low" is set to -1, the fuzzer will not
generate elements less than -1.

• high (h): Fuzzer maximum value threshold. The maximum number the
fuzzer will consider. For instance, if “high" is set to 5, the fuzzer will not
generate elements greater than 5.

• input_type (it): The type of elements in the list. Currently, the only avail-
able options are ‘int’ or ‘float’.

• tend (t): The end time of the program execution.
• output (o): The name of the output file.

InputTransformer.py

Executer_<method>.py

MR-Checker.py

Analiser.py

InputGenerator.py
- low (l)
- high (h)
- input type (it)
- tend (t)
- output (o)

List of 
parameters Test data

Set of 
MRs

Executer_<method>.pyExecuter_<method>.pyExecuter_<method>.pyExecuter_<method>.py Contains the outputs from Test 
data and outputs from 
transformed test data executions

Contains test data and 
transformed test data

Contains the test data, the 
transformed test data for each MR, 
and the verdict of the MR-Checker for 
each MR

1

Contains information on how often each of 
the applied MRs is violated or not violated 
per each method.

2

3

4

5

a b

b c

c d

d e

Set of 
MRs

Figure 9. Possible implementation pipeline of MetaTrimmer.

The second script, InputTransformer.py 2 , transforms the TD generated by
InputGenerator.py based on the rules defined by each MR. The script named
InputTransformer.py takes the JSON a file containing the generated TD as in-
put and produces a new JSON b file with the transformed data as output. The
number of fields in the JSON b file will depend on the number of MRs used. For
instance, we used six MRs, so we expected to have seven fields: the original TD
and the transformed data for each of the six MRs. It is important to note that the
MRs are described in natural language and must be translated into code to be ap-
plied to the TD. The MRs are hardcoded in InputTransformer.py script so that
they are applied automatically to the generated TD to generate the TTD.
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As Figure 9 shows, for each method tested, there exists an script 3 script.
The main purpose of the executer scripts is to run the original TD, and the trans-
formed TD generated for each MR, i.e., JSON b , and store their outputs, rep-
resented by output JSON d in the Figure 9. The number of executers required
depends on the number of methods being tested. In our experiment, we tested 25
different methods, creating 25 different executers and getting 25 JSON c files.

Then, the MR-Checker.py 4 script consumes the outputs generated by the
executer scripts and checks whether the outputs of the original TD and the trans-
formed TD match the corresponding MR. Similar to InputTransformer.py, the
expected output relations for each MR are hardcoded into the MR-Checker script,
which means that the script applies these relations automatically to the gener-
ated outputs from the executer scripts. After the TD is generated, transformed,
and checked, a JSON d file is produced per each method containing information
about the execution ID, the original TD, the transformed TD for each MR, and
the verdict of the MR-Checker for each MR. The JSON d files produced by the
MR-Checker are used as input for the final script, called Analiser.py 5 . The
Analiser.py script’s purpose is to calculate for each method how often each of
the applied MRs is violated or not violated, and store this information, JSON e in
Figure 9.

GT

0
✗ [%] == 100 ⟹ GT is correct (In Table III and IV, non-bold and non-italics)

✓ [%]	< 100	“Partially incorrect” Mixed cases 
(In Table III and IV, bold and italics)

✓ [%] == 0 “Fully” is incorrect (In Table III and IV, bold)

1
✓ [%] == 100 ⟹ GT is correct (In Table III and IV, non-bold and non-
italics)
✓ [%] < 100 ⟹  GT is incorrect

✗ [%]	< 100 ⟹  GT is incorrect

✗ [%]	< 100	“Partially incorrect”, Mixed cases 
(In Table III and IV, bold and italics)

✗ [%] == 0 “Fully” is incorrect (In Table III and IV, bold)

Figure 10. GT values for MetaTrimmer evaluation: 1 means the MR always applies,
while 0 means it doesn’t always apply. We use symbols ✓ and ✗ to indicate the percent-
age of runs where the MR applies or is violated. ✓ at 100% means the GT is correct.
Otherwise, it’s incorrect. If ✓ is 0, GT is fully incorrect; if it’s less than 100% but not
0, it’s partially incorrect (mixed case). Similarly, ✗ at 100% means the GT is correct.
Otherwise, it could be partially incorrect (mixed case), but if ✗ is 0, the GT is incorrect.

An important aspect of the MetaTrimmer evaluation is understanding how well
MetaTrimmer performs compared to the PMR approach in terms of MR classifi-
cation. Specifically, we are interested in determining whether an MR applies to a
specific method. We hypothesise that if the MR is violated in all TD, it does not
apply to the tested method. Conversely, if the MR is not violated for all TD, it
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applies to the tested method. MetaTrimmer differs from the PMR method in that
it chooses MRs based on TD, while PMR employs binary classifiers to predict if a
given method consistently applies to a specific MR. Thus, comparing the perfor-
mance of the proposed method with the PMR approach in terms of MR selection
is not appropriate. However, we can compare the outcomes of MetaTrimmer with
the PMR approach in terms of the number of MRs that apply to a given method
based on its Ground Truth (GT). We assumed that the GT labels were intended
for only positive numbers. As such, we generated TD with the constraint of us-
ing positive numbers only, and we avoided any possible exceptions that may arise
due to invalid inputs. To generate the TD, we used InputTransformer.py script
with the parameters specified below: l= 1, h= 50, it= int, t= 0.5 s.

Table 9. Set of methods with the GT from [29] and [35]: ‘1’ means that the MR always
applies, and ‘0’ means that the MR does not always apply. Symbol ✓ denotes the per-
centage of runs when the MR applies, and symbol ✗ denotes the percentage of runs when
the MR does not apply (= is violated). Test data restriction: only positive integer numbers

Method name
MRPER MRADD MRMUL MRINV MRINC MREXC

GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%]

add_values 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

average 1 100 0 1 100 0 1 100 0 1 100 0 0 0 100 0 50 50

checkNonNegative 1 100 0 0 100 0 1 100 0 1 100 0 1 100 0 0 100 0
checkPositive 1 100 0 0 100 0 1 100 0 1 100 0 1 100 0 0 100 0
cnt_zeros 1 100 0 0 100 0 0 100 0 0 100 0 1 100 0 1 100 0

count_non_zeros 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

durbinWatson 0 4 96 0 0 100 1 100 0 0 14 86 0 88 12 0 48 52

entropy 1 100 0 1 100 0 1 100 0 0 89 11 1 100 0 1 100 0

find_magnitude 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

find_max 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

find_max2 0 14 86 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

find_median 1 100 0 1 100 0 1 100 0 1 100 0 0 9 91 0 54 46

find_min 1 100 0 1 100 0 1 100 0 1 100 0 0 49 51 1 86 14

geometric_mean 1 100 0 1 100 0 1 100 0 1 100 0 0 0 100 0 59 41

harmonicMean 1 100 0 1 100 0 1 100 0 1 100 0 0 3 97 0 69 31

kurtosis 1 100 0 1 100 0 1 100 0 0 17 83 0 48 52 0 65 35

max 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

min 1 100 0 1 100 0 1 100 0 1 100 0 0 49 51 0 86 14

product 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

safeNorm 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

sampleVariance 1 100 0 1 100 0 1 100 0 1 100 0 0 0 100 0 0 100

skew 1 100 0 1 100 0 1 100 0 0 11 89 0 81 19 0 50 50

sum 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

sumOfLogarithms 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0 1 100 0

variance 1 100 0 1 100 0 1 100 0 1 100 0 0 91 9 0 46 54

GT: Ground Truth

Figure 10 shows the possible values of GT and its corresponding meaning for
MetaTrimmer. When GT is set to ‘1’, the MR always applies. On the other hand,
a value of ‘0’ means that the MR does not always apply. The symbol ✓ denotes
the percentage of runs when the MR applies, and it has two possible outcomes:
If ✓ is 100%, we assume that the GT is correct. These cases are marked in Table 9
and Table 10 using non-bold and non-italics formatting. However, if it is less than
100%, we assume the GT is incorrect. In such cases, we distinguish between two
types of incorrectness: if ✓ is equal to 0, it means that the GT is fully incorrect.
These cases are marked in Table 9 and Table 10. If ✓ is less than 100% but not

57



equal to 0, we refer to it as a mixed case, where the GT is partially incorrect.
These cases are marked in Table 9 and Table 10 using bold and italics formatting.
Similarly, the symbol ✗ denotes the percentage of runs where the MR does not
apply or is violated. If ✗ is 100%, we assume that the GT is correct. These cases
are marked in Table 9 and Table 10 using non-bold and non-italics formatting.
However, if it is less than 100%, we may consider it a mixed case, where the GT
could be partially incorrect. These cases are marked in Table 9 and Table 10 using
italics formatting. If ✗ is equal to 0, it means that the GT is incorrect. These cases
are marked in Table 9 and Table 10 using bold formatting.

Table 9 shows the methods used, their GT, and the frequency with which each
applied MR is violated or not violated per method. While analysing Table 9,
at least four distinct patterns can be drawn: i) Methods labelled as 1 in the GT
showed a 100% compliance rate, indicating that the MRs may apply to those
methods. ii) In only 5 out of 35 cases, an MR was violated 100% of the time.
This is for, durbinWatson violated MRADD 100% of the time, while average,
geometric_mean, and sampleVariance violated MRINC and sampleVariance
violated MREXC, all 100% of the time. iii) Some methods had a small proportion
of non-violations (less than 17%) and a high proportion of violations. This was
observed in 7 out of 35 cases. For instance, durbinWatson violated MRPER only
4% of the time, while harmonic_mean violated it only 3% of the time.

These findings suggest that there is not always a scenario where an MR cannot
apply to a specific method. However, it is important to note that such findings do
not render the MRs useless. Instead, investigating and understanding the small
proportion of non-violations can be valuable in improving the MRs. By making
them more precise and customised to the specific TD. iv) the analysis revealed
cases where violations and non-violations were relatively proportional. This was
observed in 11 out of 34 cases, where the violations and non-violations were pro-
portional, indicating that the MRs but with exceptions. For instance, kurtosis
violated MRINC 52% of the time and had no violations 48% of the time, while for
MREXC, it had 35% violations and 65% non-violations. This implies that excep-
tions must be considered and accounted for when applying MRs. In such cases,
defining constraints based on the specific TD is even more important.

In the previous scenario, we assumed a scenario where we had prior knowl-
edge of the initial restriction for the TD, i.e., only positive numbers. Now, we
investigate a scenario where we lack this prior knowledge. Thus, we aim to de-
termine if mixed cases can provide valuable information for constraining MRs.
To generate the TD, we used InputTransformer.py script with the parameters
specified below: l=−15, h= 15, it= int, t= 0.5 s.

Upon initial examination of the results presented in Table 10, one can observe
three types of outcomes: violation, non-violation, and invalid data. The percent-
age of invalid data is denoted in parentheses in the column that indicates that the
MR does not apply (i.e., column ✗ [%]). Upon analysing the results presented in
Table 10, one can identify at least five patterns. i) It is evident that the applicabil-
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Table 10. Set of methods with the GT from [29] and [35]: ‘1’ means that the MR
always applies, and ‘0’ means that the MR does not always apply. Symbol ✓ denotes the
percentage of runs when the MR applies, and symbol ✗ denotes the percentage of runs
when the MR does not apply. Test data restriction: only integers. Numbers in parentheses
refer to the percentage of invalid input data (crashes).

Method name
MRPER MRADD MRMUL MRINV MRINC MREXC

GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%] GT ✓ [%] ✗ [%]

add_values 1 100 0 1 100 0 1 46 54 1 37 44 (19) 1 100 0 1 50 50

average 1 100 0 1 100 0 1 46 54 1 37 44 (19) 0 80 20 0 50 50

checkNonNegative 1 100 0 0 100 0 1 100 0 1 81 0 (19) 1 100 0 0 98 2
checkPositive 1 100 0 0 100 0 1 100 0 1 81 0 (19) 1 100 0 0 98 2
cnt_zeros 1 100 0 0 84 16 0 100 0 0 81 0 (19) 1 100 0 1 100 0

count_non_zeros 1 100 0 1 84 16 1 100 0 1 81 0 (19) 1 100 0 1 100 0

durbinWatson 0 4 96 0 41 59 1 100 0 0 39 42 (19) 0 80 20 0 55 45

entropy 1 100 0 1 100 0 1 100 0 0 58 24 (18) 1 100 0 1 100 0

find_magnitude 1 100 0 1 60 40 1 100 0 1 81 0 (19) 1 100 0 1 100 0

find_max 1 100 0 1 100 0 1 98 2 1 79 2 (19) 1 100 0 1 100 0

find_max2 0 25 75 1 100 0 1 92 8 1 73 8 (19) 1 100 0 1 100 0

find_median 1 100 0 1 100 0 1 49 51 1 38 43 (19) 0 75 25 0 55 45

find_min 1 100 0 1 100 0 1 2 98 0 2 79 (19) 0 99 1 1 87 13

geometric_mean 1 59 0 (41) 1 24 19 (57) 1 59 0 (41) 1 40 0 (60) 0 19 40 (41) 0 28 9 (63)

harmonicMean 1 81 0 (19) 1 43 23 (34) 1 40 41 (19) 1 40 41 (19) 0 17 64 (19) 0 41 40 (19)

kurtosis 1 100 0 1 100 0 1 100 0 0 19 62 0 80 20 0 65 35

max 1 100 0 1 100 0 1 98 2 1 79 2 (19) 1 100 0 1 100 0

min 1 100 0 1 100 0 1 2 98 1 2 79 (19) 0 99 1 0 87 13

product 1 100 0 1 52 48 1 59 41 1 41 40 (19) 1 59 41 1 59 41

safeNorm 1 100 0 1 60 40 1 100 0 1 81 0 (19) 1 100 0 1 100 0

sampleVariance 1 100 0 1 100 0 1 100 0 1 81 0 (19) 0 0 100 0 0 100

skew 1 100 0 1 100 0 1 100 0 0 40 41 (19) 0 18 82 0 50 50

sum 1 100 0 1 100 0 1 46 54 1 37 44 (19) 1 100 0 1 50 50

sumOfLogarithms 1 81 0 (19) 1 34 32 (34) 1 81 0 (19) 1 81 0 (19) 1 81 0 (19) 1 81 0 (19)
variance 1 100 0 1 100 0 1 100 0 1 81 0 (19) 0 9 91 0 46 54

GT: Ground Truth (NB: We use the same GT as in TABLE III to make the direct comparison of entries easier)

ity of MRs can be easily determined by checking if there are 100% no violations.
When the GT is labelled as ‘1’, we observe that some previously identified MRs
still hold. For example, 20 out of the 23 cases in MRPER remain unchanged.

ii) Unlike in Table 9, some GTs marked as ‘1’ in Table 10 have mixed cases.
For instance, the add_values method under MRMUL has 46 non-violations and
54 violations. iii) When there is no initial constraint, a third type of outcome could
happen, invalid data. For instance, the geometric_mean method has only 59%
non-violations and 0% violations, indicating that 41% of the TD was invalid. iv)
Some methods had a small proportion of non-violations and a high proportion of
violations and vice versa. v), similar to Table 9, there are cases where the viola-
tions and non-violations were proportional. To extract constraints, we manually
inspected the mixed cases for each method. This detailed examination allowed us
to identify a clear pattern: most violations occurred when negative numbers were
involved in the TD. We also noticed that empty arrays in the TD could result in
either violations or invalid data.
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5.3.4. Threats to Validity

In the context of MetaTrimmer, two types of threats to validity are most relevant:
threats to internal and external validity.

To achieve internal validity, we used the same set of methods and MRs as
in Kanewala et al. There is a potential risk of bias in selecting the MRs or the
TDused, which could potentially impact the results obtained. For instance, we
found cases where certain methods and MRs were incorrectly labelled during our
analysis.

To enhance external validity and ensure the generalisability of the results, it
would have been preferable to include a wider range of methods in the evaluation
process. This would have helped to mitigate any potential bias that could have
arisen from the selection of the methods used. Therefore, the current study may
not be able to determine the full extent of the effectiveness of MetaTrimmer.

5.3.5. Key findings

In the first scenario, where prior knowledge of the initial restriction on the TD was
assumed, our findings show that MetaTrimmer outperforms the PMR approach in
classifying MRs, achieving a 100% compliance rate for all methods labeled as
‘1’ in the GT. Additionally, we identified three methods with incorrect labels.
MetaTrimmer also identified cases where MRs do not apply, cases with a small
proportion of non-violations and a high proportion of violations, as well as cases
where violations and non-violations are relatively balanced for methods labeled as
‘0’ in the GT. These findings suggest that there is not always a scenario in which an
MR cannot apply to a specific method. By investigating and understanding these
non-violations, we can refine the MRs, making them more precise and tailored to
the specific TD, i.e., by adding constraints. Even with initial constraints for the TD
(only positive integers), MetaTrimmer provides valuable insights into constraints
for MRs that may only apply to specific TD. These constraints can help uncover
situations that improve the overall test coverage of the test suite.

In the second scenario, in which prior knowledge is not possible, our findings
suggest that TD can be leveraged to derive constraints for MRs by analysing their
violations and non-violations across different inputs. When an MR consistently
holds for specific TD, it can be considered a constraint for that MR. Conversely, if
an MR is consistently violated for particular TD, it indicates that the MR may not
be suitable for the SUT. Mixed cases may also arise, highlighting specific TD or
TD ranges where the MR is applicable, thus providing constraints to narrow the
MR’s scope accordingly. By examining the reasons behind these mixed cases, we
can identify specific constraints for the MR.
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5.4. Discussion

In this chapter, we addressed RG1, which aims to provide a method for classifying
MRs based on TD. To achieve this, we began by exploring the PMR approach
through a replication study and its subsequent extension. These efforts provided
valuable insights and established a baseline for comparison. Based on our findings
from these studies, we proposed a shift toward a TD-Driving approach for MR
classification, leading to the development of MetaTrimmer.

MetaTrimmer builds on the premise that TD characteristics can be leveraged
to dynamically classify MRs, moving beyond static code-based approaches such
as PMR. Below, we discuss the answers to the research questions that guided this
work:

5.4.1. RQ1.1: How can TD be used to classify MRs?

To address this question, we developed MetaTrimmer, a method that utilises TD
to evaluate the applicability of MRs. In MetaTrimmer, TD is transformed accord-
ing to predefined MR specifications, and both the original and TTD are executed
against the SUT. By analysing the outcomes—specifically, whether the MR is
violated or not—MetaTrimmer classifies MRs based on their behaviour across
diverse inputs.

This TD-driven process allows MetaTrimmer to go beyond binary classifica-
tions by identifying mixed cases, where an MR may be applicable to some TD
inputs but not others. These mixed cases enable us to derive constraints for MRs,
helping to define the exact conditions under which an MR holds. As a result, TD
is not only used to classify MRs but also to refine them by specifying the precise
input space where they apply, enhancing both the accuracy of MR selection and
the effectiveness of the overall MT process.

5.4.2. RQ1.2: How well does the TD-driven MR classification method
perform?

In comparison to PMR, MetaTrimmer demonstrated promising results in handling
mixed cases and dynamically adjusting MR applicability based on TD. In sce-
narios where prior TD constraints were known, MetaTrimmer achieved a 100%
compliance rate for methods where MRs were expected to apply. Additionally, it
identified several cases where methods were incorrectly labelled in the GT, pro-
viding evidence of its ability to detect nuanced MR behaviour.

When no prior TD constraints were provided, MetaTrimmer still derived mean-
ingful insights by identifying the TD ranges where MRs consistently applied or
failed. This flexibility in dealing with diverse inputs positions MetaTrimmer as
a more adaptable and comprehensive approach compared to static methods like
PMR.
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5.5. Replication Packages and Artifacts

• Replication study
https://github.com/aduquet/RENE-PredictingMetamorphicRelations

• PMR extension
https://github.com/aduquet/VST22_PMR-SourceCodeMetrics

• SCminer for extracting source code metrics
https://github.com/aduquet/SCminer
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6. AN ASSOCIATION RULE MINING-BASED
APPROACH FOR REFINING METAMORPHIC

RELATIONS BASED ON TEST DATA

Chapter 6 covers Contribution No. 2 and is based on publications V and VII.
The chapter is organised as follows: Section 6.1 introduces the context for Con-
tribution No. 2, explaining the challenges associated with the manual inspection
process when extracting constraints for MRs. It details the rationale behind refin-
ing MRs using constraints derived from TD analysis and provides the necessary
background for understanding the proposed ARM-driven approach. Section 6.2
outlines the methodology by introducing the ARM-based pattern extraction mod-
ule and how it enhances the MR Analysis step of MetaTrimmer. It also explains
the experimental setup and evaluation approach, including the MRs and methods
used as the SUT. Also, presents the evaluation results, demonstrating the perfor-
mance of the ARM-based module in identifying patterns and refining MRs.

Section 6.3 provides the answers to the research questions by showing how
ARM can be used to extract patterns and refine MRs. It highlights both the suc-
cesses and challenges encountered during the analysis process. Section 6.4 pro-
vides links to the replication packages related to all the data and scrips generated
during the experiments supporting Contribution No. 2.

6.1. Introduction

In the previous chapter, we introduced MetaTrimmer, a TD-driven approach for
classifying MRs based on the behaviour of TD. MetaTrimmer acknowledges that
MRs may not apply universally to the entire input data space but instead to spe-
cific subsets, referred to as constraints. In MetaTrimmer, an MR violated 100% of
the time is considered inapplicable to the SUT, while an MR not violated 100% of
the time is applicable. Cases where violations and non-violations occur inconsis-
tently—referred to as mixed cases—offer valuable insights into the relationship
between the SUT and specific MRs.

This challenges the logic of binary classifiers, which assume that a selected
MR must always apply to the entire valid input data space. However, as we con-
clude from previous chapter, it is possible for an MR to apply to specific TD
while not applying to others, leading to “false positives," where an MR violation
incorrectly flags a fault in the SUT. Additionally, the expectation that an MR must
always apply to the entire input space can limit the MR’s effectiveness. In real-
world scenarios, it is common for different subsets of the input space to exhibit
distinct behaviours and characteristics.

To illustrate this, let’s consider a program that calculates the average of ele-
ments in a list as the SUT, hereinafter referred to as AVG. The MRs that seems to
apply are defined as follows:
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• MRMUL: IF the inputs are multiplied by a positive constant K, where K >
1, THEN the output must increase.

• MRPER: IF the inputs are permuted, THEN the output must remain equal.
Table 11 shows the initial TD in the column TD, the TD transformations

specified by the MRs in the column TTD, and the respective outputs for the
TD and TTD in the columns Output and Output-T. This table demonstrates the
execution of the SUT with both the TD and TTD, and checks the expected be-
haviour in the outputs as indicated by the MRs. When computing the frequency
of violations/non-violations, one can observe that MRPER presents a clear-cut sce-
nario, with 100% non-violation across all input space. This indicates that MRPER

can serve effectively as a regression test suite, covering the entire input space with
no violations. However, for MRMUL, the situation is not straightforward, with ex-
actly 50% violations and 50% non-violations. Through manual inspection, one
can conclude that the violations are not triggered by a fault in the SUT, but by the
MRMUL itself. In traditional MT approaches, where only MRs that always apply
(i.e., 100% non-violations) are considered, MRMUL would not be included in the
regression test suite. However, this can result in a less comprehensive regression
test suite, potentially allowing defects to slip through undetected. By analysing
these mixed cases, MetaTrimmer employs a manual process to inspect and under-
stand the reasons behind the violation status (VS) of MRs. This analysis helps to
identify patterns that can be used to set constraints, thereby refining the applica-
bility of MRs. For example, by manually reviewing the data in Table 11, we can
observe that non-violations occur when all the elements in the TD are positive,
while violations occur when the elements are negative. These insights allow us to
define more precise conditions under which the MR holds.

Table 11. Illustrative example (vs = 1: violation, vs = 0: non-violation)

TD Output
MRMUL MRPER

TDT Output-T VS TDT Output-T VS

[−11,4,−12,14] -1.25 [−33,12,−36,42] -3.75 1 [−4,11,14,−12] -1.25 0

[3,2,18,0,16] 7 [9,6,54,0,48] 23.4 0 [0,3,16,2,18] 7 0

[−5,−1,14,1] 2.25 [−15,−3,42,3] 9 0 [15,−5,−1,1] 2.25 0

[−1,−2,−5] -2.66 [−3,−6,−15] -8 1 [−2,−5,−1] -2.66 0

However, while manual inspection offers valuable insights in MR Analysis, it
may not always yield a completely accurate or comprehensive understanding of
the underlying reasons behind the status of the MRs. This can result in extracting
incomplete or incorrect constraints, especially when dealing with large amounts
of TD or multiple MRs. For instance, in the AVG example, upon deeper inspection,
one can notice that when the list contains both positive and negative numbers, if
the sum of the positive numbers is greater than the sum of the negative numbers,
it leads to a non-violation. Conversely, when the sum of the negative numbers is
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greater, it leads to a violation of the MR.
In this chapter, we address RG2, which aims to propose a method for refin-

ing MRs by setting constrains based on TD. The chapter answer the following
research questions:

• RQ2.1: How can patterns be extracted and utilised as constraints to refine
MRs?

• RQ2.2: How well does the ARM-driven approach refine and constrain
MRs?

To address these questions, we extend the MetaTrimmer process by introduc-
ing an automated approach using ARM to assist with the pattern extraction in the
MR Analysis step. ARM helps identify patterns in the TD and MR violation sta-
tus, reducing reliance on manual inspection and enabling the definition of more
constraints. By leveraging ARM, we aim to formalise the identification of specific
TD characteristics that influence MR violations and refine MRs accordingly.

6.2. MetraTrimmer+

This section introduces the association-rule-based approach to support pattern ex-
traction during the MR Analysis step of MetaTrimmer (Section 6.2.1), along with
details of the experimental setup for evaluation. This encompasses information
regarding the MRs, as well as the methods utilised as the SUT (Section 6.2.2).
The evaluation and results (Section 6.2.3), threats to validity of the evaluation
(Section 6.2.4).

6.2.1. Methodology
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Figure 11. High-level MetaTrimmer overview workflow including the enhancement of
the MR Analysis

The constraint definition process involves manual analysis and inspection in
the MR Analysis step of MetaTrimmer. In the MR Analysis, the frequency of
MR violations or non-violations is examined to determine their applicability to
the SUT. A consistent 100% violation rate indicates that the MR does not apply
to the SUT, while a non-violation rate of 100% suggests a match with the SUT
behaviour. In scenarios with mixed cases, i.e., where violations and non-violations
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are not 100%, it becomes crucial to identify specific TD or ranges where the MR
is applicable. This situation raises important questions for the tester: ‘What is the
valid input space in which the MR is violated or not violated?’ and ‘What is the
input space that results in neither violations nor non-violations of MRs, but causes
the system to crash?, but causes the system to crash?’. By considering these
questions and performing the necessary analysis, the tester can select MRs and
accurately specify the input-output relations across the valid input space. Figure 8
provides a high-level MetaTrimmer overview including the enhancement of the
MR Analysis.

ARM-Based Pattern Extraction Module

Contains TD, TTD, 
TD-output, TTD-outputs and 
the VS of the MR

Step 3.2.1 Pre-Process
Activity 3.2.1.1 – Checking input file requirements
Activity 3.2.1.2 – Cleaning data

Step 3.2.2 Feature Extraction
Activity 3.2.2.1 – Creating a dataset with features based 
on TD descriptive characteristics
Activity 3.2.2.3 – Encoding
Activity 3.2.2.3 – Splitting data based on the VS

Step 3.2.3 Rule Mining
Activity 3.2.3.1 – Generating rules

DataFrame - csv

DataFrame - csv

Encoded dataset for 
vs = violation

Encoded dataset for 
vs = non-violation

Encoded dataset for 
vs = error/NA

Encoded datasets

Set of rules, in the form of :
“Antecedent -> Consequence (vs: Violation)”
“Antecedent -> Consequence (vs: Non-violation)”
“Antecedent -> Consequence (vs: error/invalid TD)”

3.2

Figure 12. ARM-Based Pattern Extraction Module. The process is divided into three
steps: Step 3.2.1 Pre-Process, which includes checking input file requirements and clean-
ing data; Step 3.2.2 Feature Extraction, which involves creating a dataset with features
based on descriptive characteristics of the TD, encoding, and splitting data based on the
violation status (VS); and Step 3.2.3 Rule Mining, which focuses on generating rules.

Figure 12 presents an overview of the ARM-Based Pattern Extraction Module.
The process is divided into three steps: Step 3.2.1 - Pre-Process, which is respon-
sible for checking input file requirements and cleaning data; Step 3.2.2 - Feature
Extraction, which involves creating a dataset with features based on descriptive
characteristics of the TD, encoding, and splitting data based on the VS, i.e., vio-
lation, non-violation and in some cases, error/NA; and Step 3.2.3 - Rule Mining,
which focuses on the rule generation. Below we describe them in detail:

Step 3.2.1 - Pre-Process: This step is responsible for checking the log’s com-
pleteness and consistency, potential errors, invalid formatting, and prepare the data
for the further steps. Completeness and consistency validate the integrity of the
log data and ensure that it adheres to the expected structure. This pre-processing
step is made up of two activities: Activity 3.2.1.1 (Checking Input File Require-
ments) is responsible for checking and formatting the data in the log. The input for
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this activity is the log produced by the MT process, which contains information on
TD, TTD, their respective outputs, and the VS. During this activity, checking the
consistency in the nomenclature used for identifying column names, hereinafter
referred to as attributes, is the priority. Additionally, this activity transforms the
JSON object into a DataFrame.

Activity 3.2.1.2 (Cleaning Data) is tasked with cleaning up the data by remov-
ing inconsistencies. Given that the goal of the ARM-based approach is to extract
patterns relating TD with VS, any information regarding TTD, TD, and TTD out-
puts that is not required is removed.

Step 3.2.2 - Feature Extraction: This step is responsible for creating a dataset
with features based on TD descriptive characteristics, encoding the generated fea-
tures, and splitting the dataset based on the VS when necessary. The feature ex-
traction process is carried out through three activities, described below:

Activity 3.2.2.1 (Creating a Dataset with Features Based on TD Descriptive
Characteristics) is responsible for extracting descriptive characteristics of the TD.
This is a critical activity, as its primary goal is to characterise and simplify the
TD by focusing on its qualitative and descriptive attributes. By generalising spe-
cific aspects of the TD, this activity aims to create a more organised and inte-
grated dataset. This generalisation enhances the ability to identify similar patterns,
thereby increasing the effectiveness of pattern extraction. To accomplish this task,
it’s essential to consider several factors, including the number of SUT inputs, the
types of inputs, and their relations. For example, let’s consider a scenario where
the SUT has two integer inputs, TDa and TDb. Describing and generalising these
inputs, regardless of their specific values, can be achieved using partial order the-
ory.

Partial order defines a notion of comparison between at least two elements. In
this case, one can establish relationships such as TDa < TDb, TDa = TDb, or TDa

> TDb. These comparisons allow us to categorise and generalise the inputs based
on their relationships, rather than solely on their individual values. By doing so,
we can create a more abstract representation of the inputs, which facilitates pattern
recognition and rule generation during the analysis process.

Activity 3.2.2.2 (Encoding) is in charge of preparing the data according to the
requirements of the rule mining algorithm. For example, Apriori [86], which is
the algorithm used in this contribution, works only with categorical features.

Activity 3.2.2.3 (Splitting Data Based on the VS) is responsible for splitting the
dataset based on the VS. It is important to keep in mind that the logs analysed
by the ARM-based pattern extraction module are mixed cases, meaning those
where there is no clear distinction regarding the applicability of the MR, as the
samples violating and non-violating the MR are balanced. Therefore, we aim
to support the analysis of the reasons behind these outcomes by analysing them
separately. Specifically, one can create a rule set that explains the reasons for the
TD being either violated or not violated. In some cases, it is also worthwhile to
understand which type of TD is generating the error/NA in the VS. Therefore,

67



Table 12. MRs used and the total number of methods to which a specific MR applies
(column ‘✓’)

MR Change in the input Output expected ✓ ✗

MRPER Permute the components Remain constant 26 18
MRADD Add a positive constant Increase or remain constant 36 8
MRMUL Multiply by a positive constant Increase or remain constant 37 7
MRINV Take the inverse of each element Decrease or remain constant 31 13
MRINC Add a new element Increase or remain constant 35 9
MREXC Remove an element Decrease or remain constant 35 9

Total number of cases to which the set of MRs applies (✓) and does not apply (✗) 115 35

when necessary, we also analyse those cases.
Step 3.2.3 - Rule mining: This step is responsible for generating the set of

rules by using the Apriori ARM algorithm.

6.2.2. SUT and Predefined Set of MRs

To evaluate our association-rule-based approach we used 44 Python methods from
the dataset created by in chapter one. We retained most of the MRs and their labels
from our previous work [87], with some label modifications based on our results
and experience. Table 12 summarises the MRs used, input and output changes,
and the number of methods to which each MR applies. Table 13 lists the methods
with their respective labels as reported in [29] and [35]. The column Ground Truth
(GT) contains the labels, where ‘1’ indicates that the MR always applies, and ‘0’
indicates that it does not always apply. The original labels were assigned under
the assumption that all input data are positive.

We divided the methods into three groups, shown in Table 13 under the GP
columns. Each group was determined based on similarities in the number and
types of inputs and the type of outputs among the methods. Group one, G01,
includes 23 methods that take a list as input and produce Int or Float outputs.
Group two, G02, consists of 13 methods that take two input lists and produce
Int or Float outputs. Group three, G03, includes 8 methods that take one list
as input and produce list outputs.

6.2.3. Evaluation and Results

Figure 13 shows the pipeline that implements the MetaTrimmer steps, including
the ARM-based module in MR Analysis. The implementation of all steps of the
MetaTrimmer pipeline consists of nine Python scripts. The first script, named
InputGenerator.py (2.1), is a fuzzer that uses a random number generator to
create and store in a JSON file the TD. This data generation process relies on a
predefined set of parameters, which include:

• low (l): Fuzzer minimum value threshold. The minimum number that the
fuzzer will consider. For instance, if “low" is set to -1, the fuzzer will not
generate elements less than -1.
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• high (h): Fuzzer maximum value threshold. The maximum number the
fuzzer will consider. For instance, if “high" is set to 5, the fuzzer will not
generate elements greater than 5.

• input_type (it): The type of input.
• tend (t): The end time of the program execution.
• output (o): The name of the output file.

InputGenerator.py

InputTransformer.py

Set of 
MRs TD

2.1

MR-Checker.py

Executer_<SUT>.py
TTD

Contains TD, TTD, the outputs 
from TD and TTD, and the VS

a

Frequency.py

start_rm.py

Contains vs frequency for 
each applied MR

Feature_extrac.pyprePross.py

ListDescripters.py

Set of rules in the 
form of :

3.2.2

“Antecedent -> Consequence (vs)”

TTD - OutputTD - Output

2.3

1

2.2

a

3.1

3.2.1

3.2.3

Figure 13. Possible implementation pipeline of MetaTrimmer

The second script, InputTransformer.py (2.1), transforms the TD gener-
ated by InputGenerator.py based on the specifications of the MR. It is impor-
tant to note that the MRs are described in natural language and need to be trans-
lated into code so that they can be applied to the TD. The MRs are hardcoded in
InputTransformer.py script so that they are applied automatically to the gen-
erated TD to generate the transformed TD. When the SUT has two inputs, the
transformation is done in both inputs, and is stored in separate subkey of the JSON
file. The main purpose of the third script, Executer_<method>.py (2.2), is to
execute the TD and TTD against the SUT. It is important to note that each SUT,
there exists an Executer_<method>.py. The fourth script, MR-Checker_n.py
(2.3), consumes the outputs generated by the executer scripts, i.e., Output-TD and
Output-TTD, and verifies whether both outputs match their respective expected
change given by the MR.

In our evaluation, there are two types of MR-Checker.py (2.3). The distinc-
tion arises from differences in output types.
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Similar to the InputTransformer.py script, the expected output relations
for each MR are hard-coded into the MR-Checker_.py script. This means the
script automatically applies these relations to the outputs generated by the exe-
cuter scripts. At this stage, all the TD, TTD, their corresponding outputs, and
their MR VS (violated/non-violated) provided by the MR-Checker.py are stored
in a JSON (a) file.

The JSON (a) files generated by the MR-Checker are the Frequency.py in-
puts. The purpose of Frequency.py is to calculate, for each method, the fre-
quency of violations or non-violations of each applied MR, storing this informa-
tion in JSON (c) format. This frequency data guides the classification of methods
to be analysed further by the ARM-Based Module for pattern extraction. Once the
methods and MRs for deeper analysis are identified, the prePross.py (3.2.1)
script ensures consistency in the nomenclature used for attribute identification and
transforms the JSON object into a DataFrame.

Subsequently, Feature_extract.py (3.2.2) converts the TD into a set of
descriptive characteristics. To facilitate this process for list type inputs, we have
developed the ListDescripters.py Class, which contains potential descriptive
features that can be extracted. To inspire the creation of descriptive features for a
List type input, we considered the question, “How can one effectively describe
a list?" Key characteristics often include the list’s size, whether it is empty, and
the presence of zeros. Based on these considerations, we compiled a list of 23
descriptors. For our evaluation, we decided to focus on 7 specific descriptors. The
complete list is available in our repository. We chose to prioritise the descriptor
that are in the form of categorical variables in our initial experiments. However,
we recognise that combining categorical variables with other descriptors could
produce interesting results. Below, we describe the descriptors we selected for
our analysis:

• size: Length of the list.
• isEmpty: Indicates whether the list is empty or not.
• has_zeros: Tells if the list contains any zero values.
• cnt_zeros: Counts the number of zero values in the list.
• cnt_positive_numbers: Counts the number of positive numbers in the list.
• cnt_negative_numbers: Counts the number of negative numbers in the list.
• get_minimum: Tells the minimum value from the list.
• get_maximum: Tells the maximum value from the list.
• get_sum: Indicates the sum of all elements in the list.
• get_mean: Indicates the mean (average) value of the elements in the list.
• get_median: Retrieves the median value from the list.
• get_range: Tells the range (difference between maximum and minimum)

of the list.
• has_duplicates: Checks if the list contains any duplicate values.
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• is_sorted_asc: Indicates whether the list is sorted in ascending order.
• count_distinct_values: Counts the number of distinct (unique) values in

the list.
• contains_even_numbers: Checks if the list contains any even numbers.
• contains_odd_numbers: Checks if the list contains any odd numbers.
• contains_integers: Checks if the list contains any integers.
• contains_floats: Checks if the list contains any floating-point numbers.
• pp_numbers: Average of positive numbers.
• pn_numbers: Average of negative numbers.
• more_pos_neg: Determines whether the list contains more positive or neg-

ative numbers. it returns “p", indicating that the list contains more positive
numbers than negative numbers. It returns “n" when the list contains more
negative elements. If both are equal, it returns “e"

• weight_of_list: It tells whether the sum of positive numbers in the list is
greater than the sum of negative numbers, or vice versa. If the sum of posi-
tive numbers is greater, it returns “wp", indicating that the positive numbers
have more “weight" or “influence" within the list. If the sum of positive
numbers is less, it returns “wn". If both sums are equal, it returns “we".

Once the dataset has been created in the form of descriptors, it is then passed
to start_rm.py (3.2.3). We employ the Python3 mlxtend library, specifically
the apriori and association_rules functions from the frequent_patterns
module.

Figure 14 shows the possible values of GT and its corresponding meaning for
MetaTrimmer. When GT is set to ‘1’, the MR always applies. On the other hand,
a value of ‘0’ means that the MR does not always apply. The symbol ✓ denotes
the percentage of runs when the MR applies, and it has two possible outcomes: If
✓ is 100%, we say that the GT is confirmed by MetaTrimmer. These cases are
marked in Table 13 using non-bold and non-italics formatting. However, if it is
less than 100%, we assume the GT is contradicted. In such cases, we distinguish
between two types of contradiction: if ✓ is equal to 0, it means that the GT is
fully contradicted. If ✓ is less than 100% but not equal to 0, we refer to it as a
mixed case, where the GT is partially contradicted. These cases are marked in
Table 13 using bold formatting. Similarly, the symbol ✗ denotes the percentage
of runs where the MR does not apply or is violated. If ✗ is 100%, we say that
the GT is fully confirmed. These cases are marked in Table 13 using non-bold
and non-italics formatting. However, if it is less than 100%, we may consider it a
mixed case, where the GT could be partially confirmed. These cases are marked
in Table 13 using bold formatting. If ✗ is equal to 0, it means that the GT is
contradicted. Since the GT was defined under the assumption that only positive
input data is used, but our experiments allow both positive and negative input data,
contradictions to the GT are to be expected.
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GT

1

0

✓ [%] == 100 ⇒ GT is fully confirmed 

✓ [%] < 100 ⇒ GT is contradicted 
✓ [%] == 0 ⇒ GT is fully contradicted

✓ [%] > 0 ⇒ GT is partially contradicted (mixed cases)

✗ [%] == 100 ⇒ GT is fully confirmed 

✗ [%] < 100 ⇒ GT is partially confirmed or partially contradicted 
✗ [%] == 0 ⇒ GT is fully contradicted

✗ [%] > 0 ⇒ GT is partially confirmed (mixed cases)

Figure 14. GT values for MetaTrimmer evaluation: 1 means the MR always applies,
while 0 means it doesn’t always apply. We use symbols ✓and ✗ to indicate the percentage
of runs where the MR applies or is violated. ✓at 100% means the GT is confirmed.
Otherwise, it is contradicted. If ✓ is 0, GT is fully contradicted; if it’s less than 100% but
not 0, it’s partially contradicted (mixed case). Similarly, ✗ at 100% means the GT is fully
confirmed. Otherwise, it could be partially confirmed (mixed case), but if ✗ is 0, the GT
is contradicted.

Upon initial examination of the results presented in Table 13, one can ob-
serve three types of outcomes: violation, non-violation, and invalid data. When
analysing the frequency results presented, one can identify at least three patterns.
i) It is evident that the applicability of MRs can be easily determined by checking
if there are 100% no violations, ii) it is also evident that the non-applicability of
MRs can be easily detected, iii) the mixed cases are mostly in the group G01. In
terms of classification based on the MetaTrimmer statement, a consistent 100%
violation rate indicates that the MR does not apply to the SUT. Conversely, a non-
violation rate suggests that the MR aligns with the SUT’s behaviour. MetaTrim-
mer achieves a compliance rate of 100% for all methods labelled as ‘1’ in the
GT. This means that for methods correctly identified as compliant with the SUT,
MetaTrimmer accurately recognises this alignment.

For the constraint definition analysis using the proposed ARM-based approach,
we focused on the mixed cases, which are marked in bold formatting in Ta-
ble 13. Table 14 provides an example of the rule set generated for the method
add_values (id: 1). As shown in Table 13, this method exhibits a 52% non-
violation rate, while violations account for 48% for the MRMUL. As Table 14
shows, the rule set consists of Antecedents and a Consequent. When analysing
the instances marked as violations, we consider only the rules where the Conse-
quent is solely “Violation", we exclude any rules where the Consequent combines
“Violation" with other attributes, as we are not interested in those combinations.
Similarly, we apply this filtering when analysing non-violation cases and error/NA
instances when necessary. In addition, we sorted the rules in descending order
based on their confidence levels. As we mentioned in Section 3.4, confidence
measures the likelihood that the Consequent is true given the Antecedents. By
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Table 13. Set of methods with the GT from [29] and [35]: ‘1’ means that the MR
always applies, and ‘0’ means that the MR does not always apply. Symbol ✓ denotes
the percentage of runs when the MR applies, and symbol ✗ denotes the percentage of
runs when the MR does not apply (= is violated). Symbol − denotes the percentage of
errors/invalid data.

GP id Method name
MRPER MRADD MRMUL MRINV MRINC MREXC

GT ✓ [%] ✗ [%] − [%] GT ✓ [%] ✗ [%] − [%] GT ✓ [%] ✗ [%] − [%] GT ✓ [%] ✗ [%] − [%] GT ✓ [%] ✗ [%] − [%] GT ✓ [%] ✗ [%] − [%]

G01

1 add_values 1 100 0 0 1 100 0 0 1 52 48 0 1 44 42 14 1 100 0 0 1 53 47 0

2 average 1 93 0 7 1 93 0 7 1 45 48 7 1 37 42 21 0 61 32 7 0 43 45 13
3 cnt_non_zeros 1 100 0 0 1 87 13 0 1 100 0 0 1 86 14 0 1 100 0 0 1 100 0 0

4 cnt_zeros 1 100 0 0 0 88 12 0 0 100 0 0 0 100 0 0 1 100 0 0 1 100 0 0

5 durbinWatson 0 13 80 7 0 47 46 7 1 93 0 7 1 41 38 21 1 58 35 7 1 42 45 13
6 entropy 1 13 0 87 1 8 4 88 1 13 0 87 0 11 1 88 1 6 0 94 1 7 0 93

7 find_magnitude 1 93 0 7 1 49 44 7 1 93 0 7 1 79 0 21 1 93 0 7 1 87 0 13

8 find_max2 0 25 63 13 1 87 0 13 1 76 11 13 1 63 11 26 1 82 5 13 1 75 6 19

9 find_max 1 93 0 7 1 93 0 7 1 86 7 7 1 73 7 21 1 93 0 7 1 87 0 13

10 find_median 1 93 0 7 1 93 0 7 1 45 48 7 1 37 43 21 0 60 33 7 0 47 40 13
11 find_min 1 93 0 7 1 93 0 7 1 6 87 7 1 6 73 21 0 88 5 7 0 73 14 13

12 geometric_mean 1 5 0 95 1 5 0 95 1 5 0 95 1 5 0 95 0 0 5 95 0 2 1 97

13 harmonicMean 1 5 0 95 1 5 0 95 1 5 0 95 1 5 0 95 0 0 5 95 0 2 1 97

14 kurtosis 1 76 0 24 1 76 0 24 1 76 0 24 0 8 54 38 0 60 16 24 0 42 27 31

15 max 1 93 0 7 1 93 0 7 1 86 7 7 1 73 7 21 1 93 0 7 1 87 0 13

16 min 1 93 0 7 1 93 0 7 1 6 87 7 0 6 73 21 0 88 5 7 0 73 14 13

17 product 1 93 0 7 1 53 40 7 1 54 39 7 1 40 39 21 1 54 39 7 1 51 37 13
18 safeNorm 1 93 0 7 1 49 44 7 1 93 0 7 1 79 0 21 1 93 0 7 1 87 0 13

19 sampleVariance 1 87 0 13 1 87 0 13 1 87 0 13 1 74 0 26 0 9 79 13 0 33 48 19

20 skew 1 81 0 19 1 81 0 19 1 81 0 19 0 33 35 32 0 28 53 19 0 38 37 24
21 sumOfLogarithms 1 12 0 88 1 12 0 88 1 12 0 88 1 12 0 88 1 12 0 88 1 12 0 88
22 sum 1 100 0 0 1 100 0 0 1 52 48 0 1 44 42 14 1 100 0 0 1 54 46 0

23 variance 1 93 0 7 1 93 0 7 1 93 0 7 1 79 0 21 0 17 76 7 0 43 44 13

G02

24 add 0 16 84 0 1 100 0 0 1 14 86 0 1 13 43 44 1 100 0 0 1 94 6 0

25 calculateDifferences 0 16 84 0 0 6 94 0 0 12 88 0 0 11 45 44 1 100 0 0 1 94 6 0

26 dec 0 16 84 0 0 6 94 0 0 12 88 0 0 11 45 44 1 100 0 0 1 94 6 0

27 ebeAdd 0 16 84 0 1 100 0 0 1 14 86 0 1 13 43 44 1 100 0 0 1 94 6 0

28 ebeDivide 0 15 58 27 0 12 44 44 0 6 67 27 0 11 45 44 1 73 0 27 1 68 8 23

29 ebeMultiply 0 16 84 0 1 21 79 0 1 12 88 0 1 12 44 44 1 100 0 0 1 94 6 0

30 ebeSubtract 0 16 84 0 0 6 94 0 0 12 88 0 0 11 45 44 1 100 0 0 1 94 6 0

31 elementwise_equal 0 72 28 0 0 6 94 0 0 6 94 0 0 6 94 0 1 100 0 0 1 94 6 0

32 elementwise_max 0 23 77 0 1 100 0 0 1 25 75 0 1 19 37 44 1 100 0 0 1 94 6 0

33 elementwise_min 0 23 77 0 1 100 0 0 1 9 91 0 1 8 47 44 1 100 0 0 1 94 6 0

34 elementwise_not_equal 0 72 28 0 0 6 94 0 0 6 94 0 0 6 94 0 1 100 0 0 1 94 6 0

35 find_diff 0 16 84 0 0 6 94 0 0 12 88 0 0 11 45 44 1 100 0 0 1 94 6 0

36 pooledMean 1 94 0 6 1 94 0 6 1 41 53 6 1 23 27 50 1 83 11 6 1 44 44 12

G03

37 array_copy 0 0 100 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

38 bubble 0 0 100 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

39 insertion_sort 1 100 0 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

40 reverse 1 100 0 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

41 selection_sort 1 100 0 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

42 shell_sort 1 100 0 0 1 100 0 0 1 88 12 0 1 12 74 14 1 100 0 0 1 93 7 0

43 square 0 100 0 0 1 13 87 0 1 86 14 0 1 65 21 14 1 100 0 0 1 93 7 0

44 standardize 0 72 15 13 1 1 87 13 1 87 0 13 0 0 73 27 1 87 6 7 1 81 6 13

GP: Group, GT: Ground Truth

sorting rules by confidence in descending order, we prioritise the most reliable
and strong associations, ensuring that the most trustworthy rules are examined
first.

From the rule set that has “Violation" as the consequent in Table 14, it is ev-
ident that the attribute weight_of_list_wn is a strong indicator for triggering the
violation. This attribute not only ranks at the top of the rule set but also appears
in combination with other attributes in the top five rules, emphasising its signifi-
cance. When we examine the rule set for “Non-violation," weight_of_list_wn is
notably absent from the antecedents, further confirming its role as a strong pat-
tern associated with violations. Conversely, in the rule set for “Non-violation,"
the attribute weight_of_list_wp emerges as a strong indicator. It ranks at the top
among the antecedents and appears in combination with various other attributes,
reinforcing its significance in predicting non-violations. This contrast between
the presence of weight_of_list_wn in violation rules and weight_of_list_wp in
non-violation rules highlights the distinct patterns that these attributes contribute
to in the analysis. Based on the rule set, one can conclude that when applying
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the MRMUL to the method add_values, it is necessary to consider that if the sum
of the positive elements is lower than the negative elements, the violation will
be triggered. To avoid this, the MRMUL could be refined by constraining the TD
space as follows:

MRMUL: multiply each TD input element with a positive constant
k > 1, i.e.,

T T Dn = {x1 × k, x2 × k, ..., xn × k}
Then the following output-relation must hold:

Out putT T D ≥ Out putT D

Refinement:
if:

∑
n
i=1 x+i ≥

∣∣∑n
i=1 x−i

∣∣
where X+

i represents the positive elements of the list and X−
i repre-

sents the negative elements of the list. Then the following output-
relation must hold:

Out putT T D ≥ Out putT D

else:
Out putT T D < Out putT D

While Table 14 showcases a successful and straightforward example of our
approach, Table 15 shows a not straightforward outcome. Table 15 presents the
rule set generated for the method durbinWatson when analysing MRADD. The
highlighted antecedents indicate contradictions within the rule set. For instance,
the rules suggest that a violation occurs when weight_of_list_wn is present, but
also when weight_of_list_wp and weight_of_list_e are present. These three at-
tributes are highlighted in blue. In total 10 out of 14 antecedents are contradic-
tions. The contradicting atributes are higligted in orange, yellow, gray and blue
in Table 15. In total, 10 out of 14 antecedents are contradictory, showing con-
flicting patterns that make it difficult to derive a clear understanding of what leads
to a violation. This highlights a limitation in the ARM-based approach, as the
presence of multiple conflicting rules reduces the reliability of the extracted pat-
terns. Furthermore, regarding the “Non-violation” rule set, the algorithm was not
able to generate a single rule with only the consequence “Non-violated.” This
suggests that the algorithm struggled to find consistent patterns that exclusively
lead to non-violations, further complicating the analysis. This inability to gener-
ate non-violation rules indicates that the method durbinWatson does not exhibit
clear, consistent behaviour under MRADD, pointing to potential issues either in the
method’s implementation or in the suitability of the MR for this method.
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Table 14. Rule set generated for the method add_values when analysing MRMUL.

Antecedents Consequent sup conf lift ZM

[weigth_of_list_wn] 0.38 1.00 2.63 1.00

[weigth_of_list_wn, has_zeros_True]

Violation

0.17 1.00 2.63 0.74

[weigth_of_list_wn, has_duplicates_True] 0.17 1.00 2.63 0.74

[more_pos_neg_n, weigth_of_list_wn] 0.17 1.00 2.63 0.74

[weigth_of_list_wn, more_pos_neg_e] 0.12 1.00 2.63 0.70

[more_pos_neg_n] 0.17 0.50 1.31 0.36

[has_zeros_True] 0.17 0.44 1.15 0.21

[has_duplicates_True] 0.17 0.44 1.15 0.21

[more_pos_neg_e] 0.12 0.36 0.94 -0.09

[weigth_of_list_wp]

Non-violation

0.43 1.00 1.62 0.67

[has_zeros_True, weigth_of_list_wp] 0.19 1.00 1.62 0.47

[has_duplicates_True, weigth_of_list_wp] 0.17 1.00 1.62 0.46

[weigth_of_list_wp, more_pos_neg_p] 0.17 1.00 1.62 0.46

[is_sorted_True, weigth_of_list_wp] 0.14 1.00 1.62 0.44

[more_pos_neg_e, weigth_of_list_wp] 0.14 1.00 1.62 0.44

[more_pos_neg_n, weigth_of_list_wp] 0.12 1.00 1.62 0.43

sup: support, conf: confidence, ZM: zhangs_metric

The method durbinWatson is used to detect the presence of auto correlation
in the residuals of a regression analysis. It is calculated using the formula:

d =
∑

n
t=2(et − et−1)

2

∑
n
t=1 e2

t

where et are the residuals (errors) from the regression model. The differences
between residuals are calculated as follows:

e2 − e1 = r1, e3 − e2 = r2, e4 − e3 = r3

where r represents the differences between consecutive residuals. From the do-
main knowledge, we understand that this methods creates a complex dependency
structure that is sensitive to the values of all preceding and following residuals.
As a result, small changes in the input data can lead to significant variations in
the output, making it difficult to identify a consistent pattern. The inability to
generate a rule set with non-violation as the sole consequence indicates that the
method does not consistently behave in a predictable manner under MRADD. This
lack of clear, consistent behaviour suggests that the underlying MR may not be
well-suited. This conclusion aligns with the GT.

The full set of rules for each method and its respective mixed case MR out-
comes can be found in our GitHub repository. Overall, the top antecedents in
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Table 15. Rule set generated for the method durbinWatson when analysing MRADD.
The colours indicate contradictions within the rule set: blue highlights attributes such
as weight_of_list_wn that contradict with other antecedents like weight_of_list_wp and
weight_of_list_we; orange, yellow, and grey represent additional contradictions.

Antecedents Consequent sup conf lift ZM

[has_zeros_True, weight_of_list_wp]

Violation

0.15 1.00 1.57 0.43

[has_duplicates_True, weight_of_list_wp] 0.13 1.00 1.57 0.42

[more_pos_neg_e, weight_of_list_wp] 0.11 1.00 1.57 0.41

[weight_of_list_wp] 0.33 0.95 1.49 0.50

[more_pos_neg_p, weight_of_list_wp] 0.13 0.88 1.38 0.32

[weight_of_list_wp, is_sorted_True] 0.11 0.86 1.35 0.30

[weight_of_list_we] 0.11 0.75 1.18 0.18

[more_pos_neg_p, has_duplicates_True] 0.11 0.75 1.18 0.18

[more_pos_neg_p] 0.22 0.71 1.11 0.14

[more_pos_neg_e] 0.22 0.67 1.05 0.07

[has_zeros_True, has_duplicates_True] 0.11 0.67 1.05 0.05

[more_pos_neg_n] 0.20 0.58 0.91 -0.13

[has_duplicates_True, weight_of_list_wn] 0.11 0.46 0.73 -0.33

[weight_of_list_wn] 0.20 0.39 0.62 -0.56

sup: support, conf: confidence, ZM: zhangs_metric

rule sets for methods presenting mixed cases in MRADD and MRMUL were weight
_of_list_wn, along with more_pos_neg_n and has_zeros_True. For MRINV , the
top antecedent in the rule set that triggered violations was weight_of_list_wn,
while the antecedents that triggered error/NA were isEmpty_True and has_zeros
_True. Regarding MRINC and MREXC, our approach did not find any helpful
patterns. This outcome was expected since the essence of these MRs involves
modifications not within the elements of the list but in an external manner, specif-
ically by altering the size of the list. In this initial proof-of-concept, we focused
solely on the relationship between TD and VS without considering the TTD. Con-
sequently, our approach was not aware of changes related to the description of the
TD, rendering the rule set suboptimal.

6.2.4. Threats to Validity

In the context of our study, two types of threats to validity are most relevant:
threats to internal and external validity.

To achieve internal validity, we used the same workflow of MetaTrimmer as in
[87]. There is a potential risk of bias in selecting the libraries of ML or the TD
used, which could potentially impact the results obtained.

To enhance external validity and ensure the generalisability of the results, it
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would have been preferable to include a wider range of methods in the evaluation
process. This would have helped to mitigate any potential bias that could have
arisen from the classification of the methods used. Therefore, the current study
may not be able to determine the full extent of the effectiveness of the pattern
extraction with the help of MetaTrimmer.

6.3. Discussion

In this chapter, we addressed RG2, which aims to provide a method for refining
MRs by setting constraints based on TD. To achieve this, we leveraged ARM
to automate part of the MR Analysis step, which previously relied heavily on
manual inspection. By applying ARM, we systematically identified patterns and
associations between the characteristics of the TD and the MR violation status.
These patterns were then used to define constraints, specifying the precise input
space where each MR is valid.

Below, we discuss the answers to the research questions based on our findings:

6.3.1. RQ2.1: How can patterns be extracted and utilised as
constraints to refine MRs?

We addressed this research question by introducing ARM into the MetaTrimmer
process. ARM facilitates the extraction of patterns between TD characteristics
and MR outcomes. Through this, we moved from manually analysing mixed
cases—where MRs exhibit both violations and non-violations—to automatically
identifying patterns that define when an MR applies to specific subsets of input
data.

For example, as shown in the illustrative example (see Table 11), when the TD
consists of positive numbers, the MR is not violated, but when negative numbers
are present, violations occur. By using ARM, such patterns can be automatically
derived, reducing the need for manual inspection and providing a more systematic
approach to defining constraints for MRs.

This process enables us to refine MRs by extracting actionable insights from
the mixed cases, revealing under which conditions an MR is valid. These con-
straints ensure that MRs are applicable to relevant input data, improving the pre-
cision of MR classification

6.3.2. RQ2.2: How well does the ARM-driven approach refine and
constrain MRs?

In addressing RQ2.2, the evaluation highlighted the effectiveness of the ARM-
driven method in refining MRs through the extraction of patterns from the TD. Out
of the 44 Python methods tested, across 6 MRs, 36 mixed cases were identified,
where the MRs did not consistently exhibit violations or non-violations.
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The ARM approach successfully generated meaningful constraints for 68% of
the cases, enabling a clear delineation of when MRs were valid. By transform-
ing TD characteristics into association rules, ARM facilitated the discovery of
patterns such as when specific conditions in the TD would trigger violations or
non-violations. For instance, in several cases, ARM identified key features in the
input data—such as the relative weights of elements in a list—that could strongly
predict MR violations, thereby helping refine the MR and reduce false positives.

However, 32% of the cases required deeper manual analysis. In these cases,
the ARM-generated rules exhibited contradictions or failed to yield clear, action-
able insights. This suggests that while ARM is effective in most scenarios, it
struggles when the method or the MR presents complex dependencies or nonlin-
ear relationships within the input data. For such cases, manual inspection and
possibly the application of more sophisticated analysis techniques are needed to
fully understand and refine the MRs.

6.4. Replication Packages and Artifacts

• Bug or not bug? (related to publication V)
https://github.com/aduquet/VST2023-BugORNOTbug

• Metatrimer+ (related to publication VIII)
https://github.com/aduquet/SelectingConstrainingMRsScSoft
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7. ASSESSING THE STRENGTHS OF
METAMORPHIC RELATIONS

Chapter 7 is based on the publication VI and addresses RG3 by aiming to de-
fine and evaluate an approach that assesses the strength of MRs in terms of their
defect-detection capabilities. To answer the research question RQ3: What TD-
based method can be used to assess the strength of MRs regarding their bug-
finding capability?, we provide a three-phase approach, which combines muta-
tion testing with MetaTrimmer. First, we evaluate the applicability of each MR
using MetaTrimmer. Then, we perform mutation testing. Finally, we employ a
three-level strategy to evaluate MR effectiveness: level one focuses on their abil-
ity to detect equivalent mutants; level two triggers violations when mutants are
killed across the entire input space; and level three involves sensitivity analysis.
We use a black-box industrial optimisation algorithm as the SUT to evaluate our
approach.

In addition, this chapter aims to describe our observations and findings from
applying the MT approach in an industrial context, including insights into suc-
cessful aspects and areas that presented challenges. Additionally, we identify
gaps in current MT research, highlighting opportunities for further exploration
and improvement. We also share valuable feedback received from our industry
partner. By applying the MT approach to a real-world industrial optimisation
algorithm, our research aims to contribute to the advancement of testing method-
ologies for complex algorithms. The integration of MetaTrimmer with mutation
testing, along with our three-level strategy, offers a promising approach for eval-
uating and ranking chosen MRs in terms of their defect-detection effectiveness.

7.1. Testing Optimisation Algorithms

Optimisation Algorithms (OAs) are search methods designed to find a solution to
an optimisation problem, aiming to optimise a given quantity, potentially subject
to a set of constraints. Through systematic exploration, these algorithms traverse
solution spaces to identify the most beneficial or nearly optimal solutions for the
given problem [88]. Their main goal, therefore, is to identify the most favourable
values for a given set of decision variables, whether it entails maximising or min-
imising a specific objective function [89]. By doing so, OAs play an important role
in tackling real-world challenges and refining decision-making processes across
various fields. For instance, in machine learning, several OAs, such as grid search
[90], random search [91], Bayesian optimisation [92] among others, had a signifi-
cant role in parameter tuning, resulting in major improvements in the performance
of a wide range of ML algorithms [93].

As the practical applications of OAs continue to expand across diverse do-
mains, evaluating and ensuring their quality becomes crucial. However, assessing
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the correctness of OAs is not a trivial task. In many real-world optimisation prob-
lems, there may be no known optimal solution or ground truth against which to
evaluate the output of a particular OA. Without a ground truth solution, it becomes
challenging to determine whether an algorithm has converged to the best possible
outcome or if there is still room for improvement. Therefore, OAs often fall into
the category of “non-testable" programs, where a reliable oracle demands a sig-
nificant investment of time and resources [94]. It is important to note that in the
context of OAs, if the oracle were know, there have been no need of them.

In our research [10] (publication VI), we explored the practical application
of MT on a black-box industrial optimisation algorithm used in the field of ma-
chinery and plant engineering. Our focus was on identifying and implementing
MRs that reflected the algorithm’s behaviour. We also shared the insights gained
throughout this process, including feedback and reception from our industry part-
ner regarding the MT approach. Building on this work, we conducted a compre-
hensive study to assess the effectiveness of the previously identified Handcrafted
MRs (HMRs) in terms of their bug-finding capabilities, and complementing with
Generic MRs (GMRs). We refer to GMRs as a set of MRs that are derived from
‘universal or generic’ properties. The goal of this study was to provide an an-
swer to RQ3: What TD-based method can be used to assess the strength of MRs
regarding their bug-finding capability?

In response to our question, we introduce a three-phase approach that inte-
grates MetaTrimmer with traditional mutation testing. Our approach begins by
evaluating the applicability of each MR based on TD using MetaTrimmer (Phase
1 - Applying MetaTrimmer). Subsequently, we perform mutation testing (Phase 2
- Mutation Testing), which involves generating mutated versions of the SUT, ver-
ifying their executability, and conducting initial analyses to determine the fate of
mutants (killed, survived, or equivalent). Following this, we leverage MetaTrim-
mer with the mutated SUT versions and compare them with the rates of killed
versus survived from the mutation testing phase (Phase 3 - Assessing the Effec-
tiveness of HMRs/GMRs). To ensure a comprehensive assessment of MR effec-
tiveness, we employ a three-level strategy to compare outcomes with those ob-
tained from mutation testing. The first level aims to assess the MRs’ capability to
detect equivalent mutants. In the second level, we evaluate whether the MRs can
trigger violations when a particular mutant is killed during mutation testing across
all TD input. Lastly, the third level focuses on assessing the sensitivity of the MR.
Here, sensitivity is defined by the amount of TD required to elicit a violation. A
higher sensitivity is indicated when a MR triggers a violation for the same mutant
with a larger TD input set.

The integration of MetaTrimmer with mutation testing, along with our three-
level strategy, sets our approach apart from others works. Through our approach,
we have demonstrated that when mutants are consistently eliminated by all TD,
as analysed through traditional mutation testing, an MR is able to detect these
mutants by triggering violations in at least one TD input. Additionally, we estab-
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lish that an effective MR requires high sensitivity to be truly useful. Our study
highlights scenarios in which certain TD fail to detect mutants through traditional
mutation testing, yet MRs successfully uncover them. A highly sensitive MR op-
erates effectively across a broader range of inputs, making it especially valuable
in industrial contexts such as our SUT.

7.2. Industry Context and System Under Test

This section provides a deeper understanding of the environment within which
the SUT operates. Starting with Section 7.2.1, we delve into the specific indus-
try context, offering insights into the broader context that influences the SUT’s
operations. In Section 7.2.2, although the details of the SUT remain confidential
as per our agreement with our industrial partner, we aim to offer insight into the
functionality and operational aspects of the SUT while ensuring proprietary in-
formation is protected. In Section 7.2.3, we shed light on how we extracted the
HMRs.

7.2.1. Industry Context

The work has been performed on an industrial use case in the field of machinery
and plant engineering. The machinery of the company can produce and handle
different products for different domains depending on the needs of the customer.
A huge number of different machine variants and configuration options are avail-
able, which specify the size, power, features, and versatility of its different product
lines. These machines are part of a larger production process, and their exact use
is unknown to the manufacturer. Therefore, there is the need to configure and
optimise the machines and the production process by the customer. The ability
of the machine to easily change for different purposes is an important feature for
customers. This makes these machines versatile, and they can be converted for
the production of other items in a short time. Although a working machine con-
figuration can be saved and reused later on, there is still room for improvement
in the partly manually determined settings. Besides changes in environmental
conditions, like temperature, which might require adapting some settings of the
production process, there are additional reasons to do so. Sustainability is sup-
ported by trying to reduce the energy and resource consumption of the production
process without compromising the quality of the resulting products.

The machine vendor incorporates code that supports half-automatic optimisa-
tion of parts of the production process. Its goal is to decrease production cycle
time and reduce machine resource consumption without compromising product
quality. After the machine’s initial setup, i.e., once it can produce with the re-
quired quality, the operator can initiate the optimisation process. It seeks to refine
the production process within the given frame by running cycles and adjusting
values that influence the cycle. These settings can be adopted for subsequent use
if better values are identified.
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It is obvious that supporting the whole range of different machines, machine
configurations, and options is a challenge. Especially if there is the need to adapt
the algorithm to support specific equipment of a machine, it has to be ensured that
the changes do not have any side effects on other plant configurations and still
provide valid results. Even the optimisation code has to be reliable, e.g., when
replacing sensors. The optimisation code is currently written as MATLAB scripts
and generated to control code during the software build process. Most of the test-
ing activities of the optimisation features are performed manually since it is part of
a complex production cycle, which is difficult to automate and realistically simu-
late currently. In addition to these integration tests, there already existed manually
created test scripts in MATLAB that have been used to test some important parts
and single functions of the optimisation process.

We could convince our long-lasting company partner to research the potential
of MT in the context of this optimisation code. The optimisation algorithm follows
some rules which must hold true for all machine types, which, therefore, seemed
to be the perfect use case for MT. With the application of MT, we wanted to
increase the coverage of some selected central functions of this code and show
that the defined assumptions are valid for the specified input space.

7.2.2. System Under Test

The SUT is an optimisation algorithm implemented in MATLAB. It is designed to
search for the best fitting of two dependent lines using the least squares method
and determine their intersection point. This algorithm is part of a larger sys-
tem aimed at refining the production process by decreasing production cycle time
and reduce machine resource consumption without compromising product qual-
ity. While we are constrained by confidentiality agreements with our esteemed
company partner, we can shed light on the functionality of the SUT at a high
level.

The SUT can be explained at four breaking points, each representing a distinct
aspect or stage of its functionality and operation:

1) Input data processing:
• The SUT takes two sets of input data, Xdata and Ydata, representing the

x and y coordinates of data points, respectively.
• It sorts the input data points based on their x-coordinates to prepare for

subsequent calculations. This ensures that the data points are arranged
sequentially along the x−axis.

2) Segmentation and Line Fitting:
• The algorithm employs the least squares method to fit two dependent

linear segments, denoted as L1 and L2, through the sorted input data
points. This is achieved by minimising the sum of squared residuals
between the observed data points and the values predicted by the linear
models.
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• The linear equations for the segments are defined as follows, with xi

denoting the intersection point on the x-axis:

L1 : y = a1 +b1 · x, for x ≤ xi (7.1)

L2 : y = a2 +b2 · x, for x > xi (7.2)

• The segmentation process is iterative, with the algorithm exploring
different potential breaking points (xi) within the sorted data points to
determine the optimal division for fitting L1 and L2. Each iteration
involves:

– Selecting a segment of data points up to a certain index (ii) to fit
L1 and the remainder to fit L2.

– Adjusting the segment boundary (xi) to minimise the fitting error,
quantified as the sum of squared residuals for both lines across
all designated points.

• Once the algorithm identifies the optimal breakpoint, it has effectively
segmented the data points. This segmentation is where one line will
fit the data points before the breakpoint, and the other line will fit the
data points after the breakpoint.

3) Calculation of the intersection point (xint ,yint) of L1 and L2:

• It determines the x−coordinate of the intersection point by solving the
equation a1 +b1 ∗ x = a2 +b2 ∗ x

• A check is performed to ascertain if the lines have different slopes
(b1 ̸= b2), indicating the existence of an intersection point.

4) Outputs generated:

• xint : This output represents the x-coordinate of the intersection point
between lines L1 and L2.

• yint : This output represents the y-coordinate of the intersection point
between lines L1 and L2. It indicates the value of y at the intersection,
which is the common output for the given xint .

• PXdata: This output is a vector that provides the x-coordinates of the
lines L1 and L2.

• PYdata: This output is a vector that provides the y-coordinates of the
lines L1 and L2.

Figure 15 provides a visual representation of the outputs of the SUT given
certain inputs. The data points are denoted by orange crosses (Xdata,Ydata). Two
distinct linear regression lines, L1 and L2, are fitted to these points and depicted
as solid blue lines. These lines converge at a critical juncture, indicated by a pink
dot, annotated as (Xint ,Yint), marking the break-point between the two fitted lines.
The slope of the first line, L1, is noticeably steeper, suggesting a more pronounced
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decreasing trend in the initial segment of the data points. In contrast, the second
line, L2, has a gentler slope, implying a subtler decline in the latter segment.
Implicit in the fitting process is the minimisation of an error criterion, i.e., the
sum of squared errors, to ensure the lines closely align with the data points.
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Figure 15. Graphical representation of the SUT inputs and outputs

7.2.3. Formulation of Handcrafted Metamorphic Relations

The process of identifying suitable HMRs involved a series of collaborative work-
shops with our industrial partner. These sessions started with a detailed introduc-
tion to the SUT, proceeded with a thorough presentation of MT approach, and
showcased examples of MRs from the research perspective as well as industry
projects. The discussions then led to the proposal of potential HMRs. As a result
of these joint efforts, four MRs were put forward.

The HMRs were structured in an ‘IF-THEN’ format, embodying a logical im-
plication where both the antecedent (‘IF’ part) and the consequent (‘THEN’ part)
constitute relations defined over the inputs and outputs of the function. Thus, each
HMR consists of two essential elements: the condition that activates the relation
(the ‘IF’ component) and the anticipated alteration in the output upon fulfilling
this condition (the ‘THEN’ component). We focus on three of the four HMRs ini-
tially proposed, as these were deemed most appropriate for the SUT [10]. Detailed
descriptions of these HMRs are presented in Section 7.3.1.
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7.3. Methodology

In this section, we provide a detailed description of the HMRs in Section 7.3.1,
and the GMRs in Section 7.3.2. Additionally, in Section 7.3.3, we outline the
methodology adopted for conducting our experiments, which are designed to ad-
dress the research questions.

7.3.1. Handcrafted Metamorphic Relations

As mentioned in Section 7.2.3, we identified four HMRs, which were identified
based on domain knowledge of experts. Drawing upon the findings from our
previous work [10], we determined that, for a valid pair of input coordinates (x
and y), three out of the four HMRs are indeed applicable to the SUT. Therefore,
this study focuses only on those HMRs that are applicable to the SUT based on
the result of or previous work [10]. Below a detailed descriptions of the HMRs
are provided.

HMR1−SHT - Shift of the Input Data Points. Let Xdata = x1,x2, ...,xn and Ydata =
y1,y2, ...,yn represent the original input data points. Let (xint ,yint) be the intersec-
tion point of lines L1 and L2 calculated by the SUT. v = (vx,vy) is a 2D vector
representing the shift in the x and y coordinates, respectively.

IF all input data points in Xdata and Ydata are shifted by a certain vector v, i.e.,
Xshi f ted = {xi +vx| for all i}, and Yshi f ted = {yi +vy| for all i}

THEN the resulting intersection point of lines L′
1 and L′

2 should also be shifted
by the same vector v, this is:

(xint +vx, yint +vy) = IntersectionPoint(SUT (Xshi f ted ,Yshi f ted))

Figure 16 illustrates the element-wise shift of the input data by a 2D vector v=
(vx,vy), representing the shifts in the x and y coordinates, respectively, as explored
in our previous work [10]. The original input data points, marked with orange
X’s (Xdata,Ydata), contrast with the green X’s, which denote the data post-shift.
HMR1 evaluates whether the newly computed lines L1 and L2, along with their
intersection point, align with the shift imparted by vector v. Through Figure 16,
we visually demonstrate MR1’s underlying principle, assessing the shifted input
data against the expected spatial translation to ensure the output’s fidelity to the
applied vector transformation.

HMR2−PER - Permutation of the input data points. Let Xdata = x1,x2, ...,xn and
Ydata = y1,y2, ...,yn represent the original input data points.

Let (xint ,yint) be the intersection point of lines L1 and L2 calculated by the
SUT, i.e., IntersecPoint(SUT (Xdata,Ydata)).

Let XPER = x3,xn, ...,x1 and YPER = y3,yn, ...,y1 represent the shuffled input
points obtained by randomly permuting the elements of (Xdata,Ydata).

Let (xintP,yintP) be the intersection point of lines L′
1 and L′

2 calculated by the
SUT, i.e., IntersecPoint(SUT (XPER,YPER)).
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Figure 16. Graphical representation of HMR1−SHT - Shift of the Input Data

IF the data points (Xdata,Ydata) are permuted to create a new input data points
(XPER,YPER),

THEN using the permuted input data points (XPER,YPER) should produce the
same results as the original data point (Xdata,Ydata). this is:

IntersecPoint(SUT (Xdata,Ydata)) = IntersecPoint(SUT (XPER,YPER))
HMR3−ROT - Rotation of Fitted Lines . Let the SUT provide the best fitting

lines, denoted as L1 and L2, based on the input data Xdata and Ydata. The intersec-
tion point of these lines is represented as (xint ,yint).

IF the lines L1 and L2 are rotated around the intersection point (xint ,yint) be-
tween the data points Xdata and Ydata,

THEN the sum of squared errors (SSE) for the rotated lines (SSErotated) is
always larger than the SSE for the original lines (SSEoriginal).

The core concept of HMR3−ROT involves the orthogonal rotation of the output
lines, which are shown in green in Figure 17. Following this rotation, an auxil-
iary program calculates SSE between the resulting rotated output and the input
coordinates Xdata and Ydata. This calculation is performed for each variation of
the rotated lines. A key aspect of this HMR is that it remains no violated as long
as the SEE for the rotated lines exceeds the SEE for the original lines, indicating
that the original output configuration is optimally aligned with the input data. It
is important to highlight that HMR3−ROT differs from the conventional approach
of MRs, which typically involve transforming the input data. Instead, HMR3−ROT

seeks to alters the SUT’s output while keeping the input data unchanged, and
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use the output as input to the an auxiliar function. This distinction underscores
HMR3−ROT ’s innovative approach to verifying the SUT’s reliability and accuracy
of the intersection point. To elucidate this concept further, Figure 18 illustrates a
conceptual implementation of HMR3−ROT .
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Figure 17. Graphical representation of HMR3−ROT .
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Figure 18. Conceptual implementation of HMR3−ROT .

Figure 19a showcases the orthogonally rotated outputs of L1 and L2, rotating a
range from −15 degrees to 15 degrees in 1−degree increments. Figure 19b then
plots the SEE resulting from these rotations. The x−axis denotes the rotation
angle in degrees, and the y−axis quantifies the SSE. Remarkably, the graph high-
lights that the lowest SEE value is achieved at a 0−degree rotation corresponding
to the unaltered lines L1 and L2. This minimal error underscores the accuracy of
the original line fittings and validates the SUT’s performance through the lens of
HMR3.
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Figure 19. Analysis of Orthogonal Rotation Invariance MR1. (a) Rotated lines of L1 and
L2 from −15 degrees to 15 degrees in steps of 1 degree. (b) The sum of all error squares
from −15 degrees to 15 degrees

7.3.2. Generic Metamorphic Relations

We refer to GMRs as a set of MRs that are derived from ‘universal or generic’
properties. This implies that while originally conceived in different contexts, these
MRs exhibit similarities in terms of input types or internal behaviours, making
them indirectly applicable to different SUTs. Our motivation for employing the
term ‘GMR’ lies in highlighting the versatility and adaptability of these relations,
which can be leveraged across diverse domains and applications.

For our SUT, we have selected six GMRs that have been applied in various con-
texts, such as array operations [87] and linear regression properties [14], among
others. It is essential to understand that due to the generic nature of GMRs, the
expected change in output resulting from a modification in input can vary. For
instance, the GMR1− Scaling aims to examine the scaling property of the SUT
by multiplying the input TD, i.e., Xdata and Ydata, by a constant k > 1. In this
GMR, there are four potential expected changes in the outputs, the output could
be scaled by the same constant, be greater, or be less than the original, and since
the constant is k > 1 it is known that the output cannot be equal to the original.
Therefore, we consider a range of output changes that may occur. Within our se-
lection of six GMRs, each GMR comprises sub-GMRs that explore the potential
expected behaviours in more detail.

Let Xdata = x1,x2, ...,xn and Ydata = y1,y2, ...,yn represent the original input
data points. Let (xint ,yint) be the intersection point of lines L1 and L2 calculated
by the SUT. Based on this, the detailed descriptions of the GMRs are provided in
the following sub-sections.

GMR1.1−SCL1 - Scaling. IF all input data points in Xdata and Ydata are scaled by
a constant k > 1 to obtain

88



X ′
data = k ∗ x1,k ∗ x2, ...,k ∗ xn and Y ′

data = k ∗ y1,k ∗ y2, ...,k ∗ yn

THEN using X ′
data and Y ′

data as transformed inputs to the SUT, the following
potential relations are produced:

• GMR1.1−SCL1 : The resulting intersection point of lines L′
1 and L′

2 could be
scaled by the same constant k, this is:
IntersecPoint(SUT (X ′

data,Y
′
data)) = k∗ IntersecPoint(SUT (Xdata,Ydata))

• GMR1.2−SCL> : The resulting intersection point of lines L′
1 and L′

2 could be
greater than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))> IntersecPoint(SUT (Xdata,Ydata))

• GMR1.3−SCL̸=
: The resulting intersection point of lines L′

1 and L′
2 should be

different than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))! = IntersecPoint(SUT (Xdata,Ydata))

• GMR1.4−SCL< : The resulting intersection point of lines L′
1 and L′

2 could be
lower than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))< IntersecPoint(SUT (Xdata,Ydata))

GMR2 - Exclusive. IF a random pair elements (xi,yi) contained in the data
points in Xdata and Ydata is removed creating X ′

data = x1,x2...,xn−1 and Y ′
data =

y1,y2...,yn−1

THEN using X ′
data and Ydata as transformed inputs to the SUT, the following

potential relations are produced:
• GMR2.1−EXC> : The resulting intersection point of lines L′

1 and L′
2 could be

greater than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))> IntersecPoint(SUT (Xdata,Ydata))

• GMR2.2−EXC< : The resulting intersection point of lines L′
1 and L′

2 could be
lower than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))< IntersecPoint(SUT (Xdata,Ydata))

• GMR2.3−EXC= : The resulting intersection point of lines L′
1 and L′

2 could be
equal than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data)) = IntersecPoint(SUT (Xdata,Ydata))

GMR3 - Inclusive. IF a random pair elements (xn+1,yn+1) included/added to
the existing data points Xdata and Ydata, creating X ′

data = x1, x2 ..., xn, xn+1 and
Y ′

data = y1, y2 ..., yn, yn+1

THEN using X ′
data and Ydata as transformed inputs to the SUT, the following

potential relations are produced:
• GMR3.1−INC> : The resulting intersection point of lines L′

1 and L′
2 could be

greater than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))> IntersecPoint(SUT (Xdata,Ydata))

• GMR3.2−INC< : The resulting intersection point of lines L′
1 and L′

2 could be
lower than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))< IntersecPoint(SUT (Xdata,Ydata))
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• GMR3.3−INC= : The resulting intersection point of lines L′
1 and L′

2 could be
equal than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data)) = IntersecPoint(SUT (Xdata,Ydata))

GMR4 - Inverse. IF each element xi and yi contained in the data points in Xdata
and Ydata is inverted, resulting in X ′

data =
1
x1
, 1

x2
, ..., 1

xn
and Y ′

data =
1
y1
, 1

y2
, ..., 1

yn

THEN using X ′
data and Ydata as transformed inputs to the SUT, the following

potential relations are produced:
• GMR4.1−INV> : The resulting intersection point of lines L′

1 and L′
2 could be

greater than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))> IntersecPoint(SUT (Xdata,Ydata))

• GMR4.2−INV< : The resulting intersection point of lines L′
1 and L′

2 could be
lower than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))< IntersecPoint(SUT (Xdata,Ydata))

• GMR4.3−INV= : The resulting intersection point of lines L′
1 and L′

2 could be
equal than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data)) = IntersecPoint(SUT (Xdata,Ydata))

GMR5 - Reflection. IF the data points in Xdata and Ydata are reflected, resulting
in X ′

data and Y ′
data where:

X ′
data = {−xi|xi ∈ Xdata}

Y ′
data = {−yi|yi ∈ Ydata}

THEN the intersection point obtained from SUT (X ′data,Y ′data) is equal to
the negative of the intersection point obtained from SUT (Xdata,Ydata). This is:

IntersecPoint(SUT (X ′
data,Y

′
data)) =−IntersecPoint(SUT (Xdata,Ydata))

GMR6 - Duplication. IF a random element xi from Xdata and its corresponding
element yi from Ydata are duplicated, resulting in X ′data and Y ′data where:

X ′
data = x1,x2, ...,xi,xi, ...,xn

Y ′
data = y1,y2, ...,yi,yi, ...,yn

Where xi is duplicated element and yi the corresponding element in y−coordinated.
THEN using X ′

data and Y ′
data as transformed inputs to the SUT, the following

potential relations are expected:
• GMR6.1−DUP> the resulting intersection point of lines L′

1 and L′
2 could be

greater than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))> IntersecPoint(SUT (Xdata,Ydata))

• GMR6.2−DUP< the resulting intersection point of lines L′
1 and L′

2 could be
lower than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data))< IntersecPoint(SUT (Xdata,Ydata))
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• GMR6.3−DUP= the resulting intersection point of lines L′
1 and L′

2 could be
equal than the original, this is:
IntersecPoint(SUT (X ′

data,Y
′
data)) = IntersecPoint(SUT (Xdata,Ydata))

7.3.3. Experiment Procedure

Our approach to assess MR effectiveness comprises three phases. Phase 1 - Ap-
plying MetaTrimmer is responsible for selecting and constraining, if necessary,
the HMRs and the GMRs. With this initial phase, we aim to assess the appli-
cability of each MR from both sets, i.e., HMR and GMR, to the SUT. Phase 2 -
Mutation Testing is responsible for the generation of mutated versions of the SUT,
verification of their executability, and initial analysis concerning mutation testing,
i.e., determining the number of killed, survived, and equivalent mutants. Phase 3
- Assessing the Effectiveness of HMRs and GMRs is in charge of evaluating how
effectively the selected and constrained HMRs and GMRs can identify bugs when
using the mutated files generated in Phase 2. Below we describe them in detail:

Phase 1 - Applying MetaTrimmer. The goal of Phase 1 is to assess the applica-
bility of MRs within the sets of HMRs and GMRs using MetaTrimmer. Figure 20
shows MetaTrimmer contextualised within the SUT. As previously detailed in
Section 5.3, MetaTrimmer is composed of three main steps: 1.1) TD Generation,
1.2 MR Process, and 1.3) MR Analysis. In the context of our SUT, 1.1) TD Gen-
eration is tasked with creating TD, denoted by Xdata and Ydata in Figure 20. These
represent two vector or list structures that can contain either float or integer values,
with a size range from 4 to 16.

The 1.2) MT Process takes the previously generated TD and applies the corre-
sponding transformations as indicated by each of the HMRs and GMRs. Follow-
ing this, the TTD for each HMR/GMR is executed against the SUT to verify if the
relations are upheld, providing a Violation Status (VS). For each HMR and GMR,
a log file is created to store the TD, TTD along with the respective outputs, i.e.,
the outputs generated by the TD and TTD and the VS. Finally, 1.3) MR Analysis
investigates the frequency of violations and non-violations for each HMR/GMR.

The frequency of MR violations or non-violations is examined to determine
their applicability to the SUT. A consistent 100% violation rate indicates that the
MR does not apply to the SUT, while a non-violation rate suggests a match with
the SUT behaviour. In scenarios with mixed cases, i.e., where violations and
non-violations are not 100%, it becomes crucial to identify specific TD or ranges
where the MR is applicable. This analysis in guided by the following questions:

• What is the valid input space in which the HMR/GMR is violated or not
violated?

• What is the input space that results neither violates nor non-violation of
HMR/GMR, but causes the system to crash?

Phase 2 - Mutation Testing. The goal of Phase 2 is to generate mutated ver-
sions of the SUT and ensure that these versions are executable. Figure 21 illus-
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Figure 20. Overview of Phase 1 - MetaTrimmer Process in the SUT context, illustrating
the three-step approach: TD Generation, MR Process, and MR Analysis.

trates the procedural flow of Phase 2, which is structured into three steps: 2.1)
Automatic injection of mutants, 2.2) Verification of the mutated versions’ exe-
cutability, and 2.3) Initial mutation analysis. In Step 2.1) Automatic injection
of mutants, the task is to create mutated versions of the SUT using MATmut,
a specialised tool for mutation testing in MATLAB. Step 2.2) Verification of the
mutated versions’ executability, involves using the TD created in step 1.1 of Phase
1 to execute against each mutated version and recording all resulting outputs. The
subsequent Step 2.3) Mutation analysis, contains two activities: 2.3.1) Filtering
out versions that crash from those that do not, followed by an initial mutation
analysis in the activity 2.3.1). This analysis in guided by the following questions:

• How many mutated versions have been generated?
• What is the ratio of crashes to non-crashes across all the TD?
• How many mutants are killed or survived?

Phase 3 - Assessing the Effectiveness of HMRs and GMRs. Phase 3 centres on
determining the effectiveness of the HMRs and GMRs in terms of bug-finding ca-
pabilities using the mutated versions generated in Phase 2. As it shows Figure 22,
it comprises three steps: 3.1) Execution of TD and TTD for each HMR/GMR
against non-crashing mutated versions, 3.2) Acquisition of the violation status for
each HMR/GMR, and 3.3) Analysis of Violation/Non-Violation instances.

The step 3.1) involves executing both TD and TTD, which were prepared in
Phase 1, against each non-crashing mutated version of the SUT. This step is crit-
ical in determining the response of each mutated version when tested with the
HMRs and GMRs. The execution process is thorough, and each resulting output
is recorded. In step 3.2, the violation status for each HMR/GMR is obtained, and
the focus shifts to determining whether the HMRs and GMRs are violated or not.
The MR Checker of Phase 1 is used to systematically assess and store the sta-
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Figure 21. Overview of Phase 2 - Mutation Testing, depicting the procedural flow across
three main steps: Automatic Injection of Mutants, Verification of Mutated Versions’ Ex-
ecutability, and Analysis of Killed and Survived Mutants.
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Figure 22. Overview of Phase 3 — Assessing the effectiveness of HMRs and GMRs,
showing the three-step process - Execution of TD and TTD per each HMR/GMR against
non-crashing mutated versions, acquisition of violation status per each HMR/GMR, and
analysis of violation and non-violation instances.
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tus of each relation. The step 3.3) Analysis of Violation/Non-Violation Instances
entails a detailed review of the violations and non-violations stored in the previ-
ous step. This analysis aims to ascertain the MRs’ bug detection capabilities. In
evaluating the effectiveness of HMRs and GMRs, we adopt a three-tiered assess-
ment approach inspired by principles of mutation testing. Our approach begins
by identifying mutants that have survived all TD inputs. We believe that upon
detailed examination, these mutants have a high probability of being equivalent
mutants, which do not alter the program’s output despite changes in the code.
This first level of our assessment focuses on determining the ability of the HMRs
and GMRs to detect undesirable behaviours in these groups of equivalent mutants.
Specifically, we evaluate whether any HMRs/GMRs can indicate potential issues
by identifying violations of the expected behaviours in these mutated SUT.

The second level of our assessment approach represents the opposite scenario.
Here, we identify those mutated versions for which the mutant has been ‘killed’
across all TD inputs. This means that every TD input has successfully detected
errors or abnormal behaviour in these mutants, indicating that the alterations in the
code significantly impact the program’s functionality. Specifically, in this level,
we are interested in determining whether any of the HMRs/GMRs can perform at
least as well as mutation testing in terms of bug finding. We aim to evaluate the
effectiveness of each rule by analysing the violation rate for each HMR and GMR.
This metric provides crucial insights into how frequently each relation flags a
mutation as a deviation from expected behaviour, thereby reflecting its sensitivity
and reliability in detecting errors.

The third level of our assessment examines ‘mixed cases’, where mutants ex-
hibit varying responses depending on the TD inputs. In these scenarios, a mutant
might be ‘killed’ by some TD inputs while surviving others. Here, we focus on
quantifying the amount of TD required to kill the mutants instead of the amount
needed to merely trigger a rule violation within each HMR and GMR. By in-
vestigating these mixed cases, we seek to understand the relative sensitivity and
robustness of each HMR/GMR.

7.3.4. MATmute - Mutation Testing Tool for MATLAB

MATmute1 is an open-source mutant generator developed by Hook et al. [57] that
is designed for MATLAB code. When provided with a target MATLAB function or
file, MATmute systematically applies mutation operations to generate a collection
of mutants. These operations include:

• Statement deletion: A statement is commented out.
• Branch negation:A branch condition is negated, forcing the opposite deci-

sion.
• Constant replacement: Hard-coded constants are replaced with others.

1MATmute
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• Operator replacement: Mathematical operators are substituted with differ-
ent ones.

• Assignment perturbation: The right-hand side of an assignment statement
is multiplied by a constant before completing the assignment.

MATmute comprises two primary components, a Python module responsible
for generating mutants, i.e., .m files, and a MATLAB module for executing these
mutants and computing mutation sensitivity scores. Subsequently, the tool gener-
ates a comparison graph illustrating mutation scores for corresponding test cases.

To use MATmute, Python 2.5 or 2.6 and MATLAB must be installed on the
system. The Python module, named pymute, accepts a MATLAB script as input
and proceeds to generate mutants for the function. These mutants are stored in
a designated folder created upon pymute execution. Pymute consists of six sub-
modules, which are detailed below:

1. MATmute: It is the main file and it is responsible for orchestrating the muta-
tion process.

2. Mutatee: Cleans the code file intended for mutation.
3. Operators: Stores the mutation operators to be applied to the code.
4. Mutants: Generates mutant files with the assistance of the Mutator.
5. Ops_config: Defines the mutation operators within this file.
6. Mutator: Receives the code and mutation operators, generating mutations

accordingly.
The overall working process is as follows; Initially, the MATmute sub-module

calls the Mutatee sub-module to clean and store each statement of the target
code. Then, the code is instrumented and stored. MATmute calls Operators to
obtain the set of mutation operators to be applied to the target code. MATmute pro-
vides Operators and the Mutatee object to Mutants and requests all possible
mutations of the code. Mutants utilizes the Mutator to generate mutants. The
Mutator invokes Operators to generate mutants according to the configurations
in Ops_config. Finally, MATmute instructs Mutants to generate mutant files and
store them in a separate directory.
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7.4. Results

This section details the implementation details and the key findings from each
phase. As mentioned in Section 7.2.2, due to confidentiality agreements with our
industry partner, we are not permitted to share the source code of the SUT or the
mutated versions generated. However, we provide template scripts that can be
utilised to replicate our method with any MATLAB program. Moreover, we have
made the complete data generated during our experiments available in our GitHub
repository2.

7.4.1. Phase 1 - Applying MetaTrimmer

Figure 23 illustrates the pipeline that was developed for implementing MetaTrim-
mer and conducting the evaluations. The implementation consists of five Python
scripts and one MATLAB script. The first script, InputGenerator.py 1 , de-
signed to automate the creation of the TD. This script generates two sets of data,
Xdata and Ydata. Each set consists of a random number of integers and floats. The
size of each set, as well as the range of numbers, is determined by a random se-
lection within predefined limits—specifically, [min,max], which are set to 4 and
16 for the size, and [0,10] for the number range. The Xdata and Ydata vectors are
shuffled to ensure a random distribution of the elements. The output of this script
is a JSON a file that contains the generated TD. We have ensured a uniform distri-
bution with respect to the sizes of each vector; each vector size is represented with
15 instances, hereinafter TD inputs, resulting in a total of 195 TD inputs. For ex-
ample, for Xdata1 = [X1,X2,X3,X4] and its corresponding Ydata1 = [Y1,Y2,Y3,Y4], the
size of the vector is 4, and there are 14 more TD inputs of vectors of this size. This
uniformity is maintained for each vector size ranging from 4 to 16, amounting to
195 TD inputs in total.

Table 16 summarised basic statistics for Xdata and Ydata, each set comprises 195
individual vectors, set of TD inputs, whose lengths vary from a minimum of 4 to
a maximum of 16 elements. The ‘Min sum’, ‘Avg sum’, and ‘Max sum’ columns
reflect the aggregated totals of the elements within each vector across the TD. For
Xdata, the vectors have a minimum sum of elements at 10.8, an average sum at
49.82, and a maximum sum reaching 100.7. Meanwhile, Ydata’s vectors show a
slightly lower minimum sum of 6.9, an average sum very close to Xdata at 49.41,
and a maximum sum at 99.2. We maintain a uniform distribution with respect to
the vector’s size. Each possible size from 4 through 16 is uniformly represented
by 15 samples. For instance, size 4 is associated with 15 distinct vectors, a pattern
that consistently applies to subsequent sizes up through size 16.

The second script, InputTransformer.py 2.1 , transforms the TD generated
by InputGenerator.py based on the rules defined by each HMR and GMR.
The input transformer script takes the JSON a file containing the generated TD

2Assessing-the-Strength-of-Metamorphic-Testing Repo

96

https://github.com/aduquet/Assessing-the-Strength-of-Metamorphic-Testing


InputGenerator.py InputTransformer.py

doTest.m

Analysis.py

Set of 
HMRs/GMRs

TD

Contains TD 
and TTD

2

3

1

3

a b

cb

Contains violation status frequency 
for each applied HMR/GMR

e

Manual inspection

TD: Test Data
TTD: Transformed Test Data
VS: Violation Status

f

run_dot_m.py
4

doTest.m path information

c

MR-Checker.py
5 e

Contains TD, TTD, TD-output, TTD-
outputs and VS per each HMR/GMR

d

Figure 23. Implementation pipeline of MetaTrimmer for phase 1

Instance count Min size Max size Min sum Avg sum Max sum

Xdata 195 4 16 10.8 49.82 100.7

Ydata 195 4 16 6.9 49.41 99.2

Table 16. Summary statistics of the test data inputs generated, i.e., Xdata and Ydata

as input and produces a new JSON b file with the TTD as output. It is important
to note that the MRs are described in natural language and need to be translated
into code so that they can be applied to the TD. The HMRs and GMRs are hard-
coded in InputTransformer.py script so that they are applied automatically to
the generated TD to generate the TTD. We have created templates so we can use
them at anytime, and for different SUTs.

The third script, doTest.m 3 is tasked with configuring the parameters neces-
sary for the SUT. In addition, the script reads input TD and TTD from a JSON file,
processes each TD according to its key, and applies it to the SUT for execution.
Specifically, the script handles data extraction, execution of the SUT with both
TD and TTD, and the storage of the generated outputs into a structured format,
encoding this data as JSON c . To complement the doTest.m script, which is a
MATLAB script, the script run_dot_m.py 4 serves as a bridge to automate the
invocation of doTest.m within a MATLAB environment from a Python context.
The run_dot_m.py script employs the subprocess module to execute MATLAB

commands, managing the execution of the doTest.m script for various sets of
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SUT version. It begins by capturing the start time, followed by the execution of
the MATLAB script with the necessary command options to ensure that MATLAB

runs in a non-interactive mode. This approach ensures minimal overhead and a
focus on script execution. The standard output and errors from the MATLAB pro-
cess are redirected to an txt d file, enabling the capture and review of the script’s
execution log.

The MR-Checker.py 5 script inputs are the outputs of doTest.m script, i.e.,
JSON c , and checks whether the outputs of the TD and the TTD match the corre-
sponding HMR/GMR relation. Similar to InputTransformer.py script, the ex-
pected output relations for each HMR/GMR are also hard-coded into the
MR-Checker.py script, which means that the script applies these relations auto-
matically to the generated outputs from the executer scripts. After the TD is gen-
erated, transformed, and checked, a JSON e file is produced per each HMR/GMR
containing information about the TD, the TTD, their respective outputs, and the
verdict of the MR-Checker for each HMR/GMR regarding the violation status.
The JSON e file produced by the MR-Checker are used as input for the final script,
called Analiser.py 6 . The Analiser.py script calculates for each method how
often each of the applied MRs is violated or not violated, and store this informa-
tion, JSON f in Figure 23.

Table 17 presents the count and percentage of TD inputs that resulted in non-
violations, violations, and crashes. Figure 24 provides a visual representation of
this data, depicted through coloured bars: non-violations are illustrated with blue
bars, violations with orange, and system crashes with green. For the HMR set, the
results indicate that HMR1−SHT and HMR−PER had a 100% rate of non-violation
with all 195 inputs, showing no TD produced a violation or system crashes. In
contrast, HMR3−ROT displays a mixed outcome with 59% non-violations and
41% violations. This suggests that in those 80 cases, the SSE for the rotated lines
was not larger than the SSE for the original lines, contrary to the expectation set
by HMR3−ROT . Therefore, we examined in detail the 80 TD inputs that resulted
in violations in HMR3−ROT .

Our examination began by analysing the rotation degrees for each input TD
where rule violations occurred. Figure 25 shows the distribution of the rotation
degrees for each TD inputs where the HMR3−ROT violated. As Figure 25 there
does not seem to be a clear pattern or correlation between the degree of rotation
and the occurrence of rule violations. This indicates that the extent of the rule vi-
olation (if at all) is not dependent on the angle by which the lines are rotated. This
suggests that other factors may be contributing to the instances where HMR3−ROT

is violated.
Figure 26 and Figure 27 visualise the absolute and relative differences in SSE

along with their frequency, with each bar representing a violation instance and the
scatter points depicting the associated rotation angles. Upon closer inspection, and
in consultation with subject matter experts, it is observed that the improvements,
or rather the decreases in SSE due to rotation (which should not happen accord-
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Figure 24. Frequency of non-violations, violations, and system crashes per HMR and
GMR

Table 17. Count of non-violations, violations, and crashes observed for each HMR and
GMR, alongside calculated percentages for each outcome category

GMRs

Non-Violations Violations Crashed
Total # of inputs [%] Total # of inputs [%] Total # of inputs [%]

GMR1.1−SCL1 194 99 1 1 0 0
GMR1.2−SCL> 194 99 1 1 0 0
GMR1.3−SCL ̸= 195 100 0 0 0 0
GMR1.4−SCL< 0 0 195 100 0 0

GMR2.1−EXC> 53 27 127 65 15 8
GMR2.2−EXC< 41 21 139 71 15 8
GMR2.3−EXC= 20 10 160 82 15 8

GMR3.1−INC> 29 15 166 85 0 0
GMR3.2−INC< 57 29 138 71 0 0
GMR3.3−INC= 26 13 169 87 0 0

GMR4.1−INV> 10 5 57 29 128 66
GMR4.2−INV< 23 12 44 23 128 66
GMR4.3−INV= 1 1 66 34 128 66

GMR5−REF 195 100 0 0 0 0

GMR6.1−DUP> 49 25 146 75 0 0
GMR6.2−DUP< 45 23 150 77 0 0
GMR6.3−DUP= 56 29 139 71 0 0
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Figure 25. Distribution of rotation degrees for each TD input set where HMR3−ROT is
violated. No discernible correlation is observed between the rotation angles and the rule
violations, indicating the non-dependency of SSE changes on rotation degrees

ing to HMR3−ROT ), are not statistically significant. Most relative differences in
SSE, as indicated by the frequency distribution in the Figure 27, fall below a 1%
improvement. This marginal improvement could be attributed to rounding errors,
the inherent noise within the data, or other imprecision in the SUT.

The approach to addressing violations of HMR3−ROT in subsequent analyses is
to treat them as distinct from the remaining input TD, recognising that while the
rule is not upheld across all TD, the SUT may still function reliably. This leads
us to propose a concept of ‘softened’ MRs, which acknowledges small deviations
from the expected rule as acceptable in practice. If the SUT is unaffected by these
small violations, it supports the idea that HMR3−ROT is practically, though not
strictly theoretically. This ‘softened’ MRs could suggest introducing a tolerance
threshold, for instance, in the case of HMR3−ROT , introducing a tolerance thresh-
old for SSE increases after line rotation, within which the SUT’s output is still
considered accurate.

In regard to the GMR set, the only GMRs that exhibit high rates (>= 99%) of
non-violations are GMR1.1−SCL, GMR1.2−SCL>, GMR1.3−SCL ̸=, and GMR5−REF ,
whereas GMR1.4−SCL< shows a 100% violation rate. GMR2−EXC and GMR3 −
INC and sub-categories present a diverse range of results, with substantial num-
bers of violations and non-violations, while also including some instances where
the system crashed. Particularly, in cases where crashes occurred, such as with
GMR2.1−EXC> , GMR2.2−EXC= , and GMR2.3−EXC< , those crashes account for 8%
of the outcomes. Upon inspecting the reasons behind these crashes, it turned out
that the change statement of GMR2 −EXC generates invalid data. All 15 input
TD that crashed have a size of 4; therefore, after the transformation, they will have
a size of 3. In this scenario, such invalid data resulting from crashes is considered
correct outcomes.
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Figure 26. Bar and scatter plot of the absolute differences in SSE juxtaposed with rotation
degrees. The data indicates that most rule violations have an inconsequential impact
on the SSE values, aligning with expert feedback that these deviations lack substantive
significance
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Figure 27. Bar and scatter plot illustrating the relative differences in SSE along with
their frequency. The histogram emphasises that the majority of SSE improvements due to
rotation are under 1%, reinforcing the conclusion that HMR3−ROT violations are typically
of minimal practical consequence

GMR4−INV has a substantial number of inputs that lead to crashes, especially
GMR4.1−INV> to GMR4.3−INV= , where crashes occur for two-thirds of the inputs.
Upon inspection, we found that all 128 TD inputs contain elements equal to
zero. This is crucial because the transformation specified by GMR4−INV in-
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volves taking the inverse of each element. Consequently, when attempting to
compute the inverse of elements that are zero, the transformation yields division
by zero errors, resulting in crashes. GMR5−REF shows a stable outcome with
99% non-violations, while GMR6.1−DUP> , GMR6.2−DUP< , and GMR6.3−DUP= in-
dicates higher violation rates. Upon examining non-violations versus violations,
no discernible pattern is found to explain the reasons behind the violations in the
GMRs of GMR2−EXC, GMR3−INC, GMR4−INV , and GMR6−DUP. Given that these
GMRs exhibit substantially more violations or crashes, one can assume that these
GMRs do not apply to the SUT. In contrast, regarding the GMRs with high rates
(>= 99%) of non-violations, such as GMR1.1−SCL1 , GMR1.2−SCL> , GMR1.3−SCL̸=

,
and GMR5−REF , it is assumed that they do apply to the SUT. The 1% of violations
observed for GMR1.1−SCL1 and GMR1.2−SCL> were also examined. These viola-
tions stem from the scaling process, which generates a new intersection point in
negative Cartesian coordinates. It is evident that such cases will be violated due
to the transformation applied. Consequently, this particular TD input is expected
to consistently result in violations.

7.4.2. Phase 2 - Mutation Testing

As discussed in Section 7.3.3, the objective of phase 2 is to generate mutated
versions of the SUT and ensure their executability. For the automatic injection
of mutants, we employ MATmute, an open-source mutant generator designed for
MATLAB. Notably, this tool has not undergone updates since 2009 and relies on
Python 2.5. To ensure its proper functioning, we utilise a Docker container to
install Python 2.5 and exclusively employ MATmute for generating mutated files
without any execution. This approach is necessitated by the lack of MATLAB

support within the Docker container, as MATLAB execution would require MAT-
LAB itself. For generating the mutated SUT version we used the default mutants
types that the MATmute provides. We have made the Docker container contain-
ing MATmute available in our GitHub repository3. This container includes all
the necessary dependencies and instructions for performing mutation testing on
MATLAB code using MATmute.

Table 18 provides a comprehensive summary of the mutation testing phase
results, showcasing the outcomes for different types of mutations applied to the
programs. Each row corresponds to a specific type of mutation, including con-
stant replacement, operator replacement, statement deletion, and negated branch
expression. For each mutation type, the table indicates the number of mutated pro-
grams generated, the count of programs that resulted in crashes, and the instances
where any TD input did not lead to a crash.

3MATmute-Docker Repo
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Table 18. Summary of Mutated Programs Generated

Type of Mutation Mutated Programs Generated Crashed for all TD Non-Crash for Any of the TD

Constant Replaced 780 433 192
Operator Replaced 514 126 164
Statement Deleted 91 31 49
Negated Branch Expression 5 2 0

Total of Mutated Programs 1390 592 405

Table 19. Summary of Assessment Levels for HMRs and GMRs Effectiveness and the
Total of Mutated SUT Versions per Level in

Level Description Focus of Analysis MSV∗

1 Analysis of mutants that
have ‘survived’ all TD inputs
(equivalent mutants)

The goal is to determine the
ability of the HMRs and
GMRs to detect undesirable
behaviours in these groups of
equivalent mutants.

236

2 Analysis of mutants that
have been ‘killed’ by all TD
inputs.

The goal is to assess if the
HMRs/GMRs can perform at
least as well as traditional
mutation testing in terms of
bug finding.

85

3 Analysis of ‘mixed cases’,
where mutants show variable
responses to different TD in-
puts — being killed by some
while surviving others.

The goal is to quantify the
amount of TD necessary to
kill the mutants versus the
amount needed to trigger a
rule violation in each HMR
and GMR.

84

MSV∗: Mutated SUT Versions

7.4.3. Phase 3 - Assessing the Effectiveness of HMRs and GMRs

From Phase 2 - Mutation Testing, we obtained 405 mutated versions of the SUT,
all of which remained crash-free when subjected to TD inputs. Phase 3 focuses on
assessing the effectiveness of the HMRs and GMRs in terms of their bug-finding
capabilities using these mutated SUT versions. To evaluate this, we followed the
procedure outlined in Section 7.3.3, as depicted in Figure 22. Leveraging the
TD and TTD generated in Phase 1 for each HMR and GMR, we executed them
against the 405 mutated SUT versions, resulting in individual log files for each
rule. Subsequently, we analysed these log files to ascertain the violation status
based on the expected relations defined by each HMR and GMR. The total number
of logs generated during the execution of TD and TTD for each HMR and GMR
against the 405 mutated versions amounted to 2835. Considering a total of 7 MRs
chosen, HMR1−SHT , HMR2−PER, HMR3−ROT , for the HMRs and GMR1.1−SCL1 ,
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Table 20. Count of Non-violations and Violations Observed for the Selected HMR and
GMR in Level One, 263 Mutated SUT Versions

HMRs

Non-Violations Violations Crashed
Total # of inputs [%] Total # of inputs [%] Total # of inputs [%]

HMR1−SHT 195 100 0 0 0 0

HMR2−PER 195 100 0 0 0 0

HMR3−ROT 115 59 80 41 0 0

GMR

GMR1.1−SCL1 194 99 1 1 0 0
GMR1.2−SCL> 194 99 1 1 0 0
GMR1.3−SCL ̸= 195 100 0 0 0 0

GMR5−REF 195 100 0 0 0 0

GMR1.2−SCL> , GMR1.3−SCL̸=
, and GMR4−REF for the group of GMRs.

As mentioned in Section 7.3.3, we assess the effectiveness of HMRs and GMRs
at three distinct levels. Table 19 summarises and describes these levels, along with
the total number of mutated SUT versions per level. Table 20 presents the out-
come at Level 1 of our assessment, which focuses on the analysis of mutants
that have survived all TD inputs. It details the count of non-violations and vi-
olations observed for the selected HMR and GMR. An important finding is that
the violations and non-violations are consistent for all 236 mutated versions. For
HMR1−SHT and HMR2−PER, all tested inputs—100%—are non-violations, which
suggests that there were no deviations from the expected behaviour across all TD.
For GMR1.1−SCL1 , GMR1.2−SCL>, and GMR5−REF , we observe a similar trend
to HMR1−SHT and HMR2−PER. In general, these results are similar to the ones
presented in Table 17 from Phase 1, suggesting that both HMRs and GMRs are
unable to detect any equivalent mutants. However, when inspecting HMR3−ROT

we found a shift in the range of improvement. Figure 28 provides a bar and scatter
plot illustrating the relative differences in SSE, accompanied by their correspond-
ing frequency. Notably, the histogram underscores that the majority of the SSE
improvements due to rotation are now under 5%, a significant increase from the
previous data inspection without the mutants, where improvements were around
1%. This discrepancy suggests that the introduction of mutants into the system
affects the SSE improvement margin.

At Level 2, we aim to determine if the HMRs and GMRs can match the bug
detection efficacy of traditional mutation testing. This level saw the evaluation of
85 mutated SUT versions, each of which was conclusively ‘killed’ by all TD when
subjected to traditional mutation testing. The focus is primarily on the capability
of HMRs and GMRs to identify and flag mutations. According to the data pre-
sented in Table 21, a ‘violation’ denotes an instance where at least one TD input
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Figure 28. Bar and scatter plot illustrating the relative differences in SSE along with
their frequency. The histogram emphasises that the majority of SSE improvements due to
rotation are under 5%

prompted a departure from the predicted behaviour under the specific HMR/GMR.
On the other hand, ’non-violations’ reflect cases in which the HMR/GMR frame-
works failed to detect any departure.

Table 21 lists the numbers of mutated SUT versions that triggered violations
in response to at least one TD input and the count of those where no violations
were observed. Unlike the previous level, in this level, it is possible to rank MRs
based on their effectiveness in detecting mutants; we can use the number of vio-
lations triggered as an indicator. A higher number of violations would suggest a
higher sensitivity of the MR to detect mutants, thus a more effective MR. Based
on Table 21, where violations are indicated by “MV_VT" (Mutated Version With
Violations Triggered), the ranking from most to least effective MR would be as
follows:

1. HMR3−ROT - 85 violations: This HMR is the most effective in detecting
mutants, as it has the highest number of violations, implying that it has
triggered for each mutated version tested.

2. GMR1.2−SCL> and GMR5−REF (tie) - 80 violations: Both GMRs are very
effective, with a high number of violations close to that of HMR3−ROT

3. HMR1−SHT - 63 violations: This MR ranks as moderately effective, with a
significant number of violations, but not as high as the top performers.

4. HMR2−PER - 39 violations: With fewer violations than HMR1−SHT , this
MR is less effective in detecting mutants according to the data provided.

105



5. GMR1.1−SCL1 - 44 violations: Slightly more effective than HMR−PER, but
with fewer violations than HMR1−SHT , placing it in the middle range.

6. GMR1.3−SCL ̸= - 0 violations: This MR did not trigger any violations, sug-
gesting that it was ineffective in detecting mutants within the tested SUT
versions.

Table 21. Number of Mutated SUT Versions with Violations Triggered by at Least One
TD Input, Along with Non-Violating Mutated SUT Versions

Category HMR1−SHT HMR2−PER HMR3−ROT GMR1.1−SCL1 GMR1.2−SCL> GMR1.3−SCL ̸= GMR5−REF

MV_VT 63 39 85 44 80 0 85
MV_NVT 22 46 0 41 5 85 0

MV_VT: Mutated Version With Violations Triggered
MV_NVT: Mutated Version Without Violations Triggered

At Level 3, we explore the ‘mixed cases’. These scenarios are particularly
insightful as they showcase the diverse reactions of mutants to various TD in-
puts—some resulting in the mutant being killed, while others demonstrate sur-
vival. Our goal in this level is to quantify the volume of TD necessary to effec-
tively kill the mutants compared to the data required to trigger a rule violation.

Figure 29 and Figure 30 offer a comparative analysis of mutant responses
within ‘mixed cases,’ where mutants aren’t consistently detected across differ-
ent TD inputs. In Figure 29, the first panel illustrates the amount of data required
to kill the mutant for each mutated version. The bottom panels depict the response
of the three HMRs, showcasing the amount of data needed to trigger a violation
and detect the mutant for each mutated SUT version. Figure 30 shows the same
first panel as Figure 29, and the response of the four GMRs.

Upon analysing the behaviour patters in Figure 29 and Figure 30, we establish
a hierarchical ranking of the HMR and GMR based on their ability to detect muta-
tions and the volume of TD inputs required for detection. This enumeration aligns
with the criteria outlined in Level Two, where the HMRs and GMRs are deemed
effective if it triggers a violation with at least one TD input. Here, however, we
emphasise HMRs and GMRs that trigger with the highest possible number of TD
inputs, indicating a broader detection capability. The ranking is as follows:

1. HMR3−ROT - Demonstrates the highest detection capability, triggering vio-
lations with nearly all TD inputs, positioning it as the top-performing MR.

2. GMR5−REF - Demostrates extensive range of violations across TD inputs,
indicating a strong ability to detect a wide array of mutations.

3. HMR1−SHT - Although triggering violations with a high number of TD in-
puts, this MR ranks below the top performers due to slightly less detection
breadth, with only 39 out of 84 mutants detected.

4. GMR1.1−SCL1 and GMR1.3−SCL> - Displays moderate detection abilities, ef-
fective with a significant number of TD inputs but not as comprehensive as
higher-ranked MRs.
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5. HMR2−PER and GMR1.3−SCL ̸=- This HMR shows reliable detection capa-
bilities in terms of the volume of the TD but only in very specific mutants.
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Figure 29. Comparative Analysis of Mutated SUT Versions in Mixed Cases for HMRs.
The top panel illustrates the data volume required to ‘kill’ the mutant for each mutated
version, represented by dark grey colour and black dots, while the bottom panels detail the
data volume required to trigger a violation, represented by dark grey, of the three HMRs

7.5. Discussion

In this section, we delve into the key findings derived from our results, outlined in
Section 7.5.1. We conclude this section by addressing the threats to the validity
of our study in Section 7.5.2.

7.5.1. Key Findings

In this study answer RQ3 by proposing a three-level strategy to assess the effec-
tiveness of MRs. The first level investigates the MRs’ ability to identify equivalent
mutants—those that do not alter the program’s behaviour in any observable way.
The second level inversely examines MRs against mutants that have been ‘killed’
across all TD inputs, offering a lens into the MRs’ capability to detect bugs as ef-
fectively as traditional mutation testing. The third level, delves into ‘mixed cases’.
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Figure 30. Comparative Analysis of Mutated SUT Versions in Mixed Cases for HMRs.
The top panel illustrates the data volume required to ’kill’ the mutant for each mutated
version, represented by dark grey colour and black dots, while the bottom panels detail the
data volume required to trigger a violation, represented by dark grey, of the four GMRs

Here, mutants exhibit variable responses to different TD inputs—some leading to
mutant detection and others not. This level assesses the quantity of TD required
to trigger violations from the mutated version of the SUT, providing a measure of
MRs’ sensitivity and breadth of detection. For our SUT, the MR that consistently
outperformed others across all three levels of assessment was HMR3−ROT . This
rule maintained the top rank in each level, showcasing its robustness and effective-
ness. From the initial phase onwards, HMR3−ROT demonstrated its capability to
identify instances where the “optimal solution" may not always be optimal within
the context of our SUT. Additionally, GMR5−REF consistently exhibited strong
performance, consistently securing the second rank in the second and third levels
of assessment. HMR2−SHT also displayed respectable performance, consistently
ranking in the third position across both the second and third levels of assessment.
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Overall, our study yields three significant insights into assessing the effective-
ness of MRs through mutation testing:

1. It is crucial to recognise that MRs may not detect significant changes when
dealing with equivalent mutants. While this may seem obvious, the de-
tection of equivalent mutants remains a common challenge and a hot topic
within the mutation testing community.

2. Effective MRs demonstrate their efficacy when mutants are successfully
killed by all TD. In such cases, an effective MR will also detect or ‘kill’ the
mutant by triggering a violation in at least one TD.

3. An effective method for assessing MRs’ effectiveness involves analysing
the amount of data required to trigger a violation. Our analysis of mixed
cases revealed instances where mutations were not successfully detected
by certain TD, yet MRs triggered violations. This emphasises the need to
evaluate MRs not only based on their ability to detect mutants but also on
their sensitivity to variations across different TD.

Another important finding pertains to the concept of ‘softness’ within the con-
text of MRs. The concept of ‘softness’ in MRs, as observed with HMR3−ROT ,
indicates the need to introduce a certain degree of tolerance within the MRs def-
inition. It acknowledges that not all violations may signify a fault in the SUT,
and as such, softness allows permissible variations, adding flexibility to the MT
process. It is important to highlight that the implementation of ‘softness’ requires
a thorough understanding of the domain and the acceptable limits within which
the system can operate without being deemed faulty.

7.5.2. Threats to Validity

In our study, three types of threats to validity are most relevant: threats to con-
struct, internal and external validity. Construct validity relates to the appropriate-
ness of the constructs we defined to assess MR strength and rank MRs based on
fault-detection effectiveness. This threat was mitigated by adapting well-known
principles from mutation testing, traditionally used to evaluate test suite adequacy.
For example, mutation testing typically discards equivalent and trivial mutants
because they do not contribute to identifying faults in the SUT. In our approach,
however, these types of mutants (level 1 and 2) are used to identify particularly
strong or weak MRs. This adaptation allows us to leverage the nuanced charac-
teristics of MRs that mutation testing reveals, aligning with the thesis’s goal of
refining and ranking MRs for improved scalability and automation in MT. The
remaining mutants (level 3) are then used to rank MRs in terms of their data sen-
sitivity, providing a comprehensive evaluation framework grounded in established
mutation testing practices.

A potential threat to internal validity is linked to the adequacy of the TD. The
effectiveness of MRs and mutation testing is highly dependent on the input data
used. If the data is not sufficiently diverse or extensive, it may not trigger all the
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relevant behaviours in the SUT, leading to an underestimation of the MRs’ capa-
bilities as well as the mutation testing capabilities. Furthermore, mutation testing
and MT differ fundamentally in their approaches. Mutation testing assumes that
the unmutated version of the SUT is correct and relies on comparing its output
to that of the mutated versions to identify incorrect behaviours. This reliance can
limit the usefulness of trivial mutants—those that are semantically unrealistic—in
traditional fault detection contexts. However, in MT, this limitation is inherently
mitigated. Since MT does not depend on a baseline "correct" output, it instead
evaluates the relation between inputs and outputs as defined by MRs. This en-
sures that even trivial mutants can provide meaningful insights into the robustness
and applicability of MRs, particularly for testing edge cases and basic behaviours.

Potential threats to external validity pertain to the specific choice of GMRs
and the fact that we applied our method to only one real-world SUT. Since the
assessment of the strength of an MR exclusively relies on the chosen TD and
the generated mutants, we do not see any reason to assume that the proposed
method is not generalisable. The fact that our proposed method worked equally
well for the expert-generated HMRs and the selected SUT-relevant GMRs seems
to support our belief that the specific nature of a chosen MR does not influence
the applicability of our method.

7.6. Lessons Learned from the Industrial Case Study

In this contribution, we initially tested the SUT using the MT approach with
HMRs. Subsequently, we proceeded with the strength assessment approach, in-
corporating and sharing insights provided by the industry partners. Throughout
the project, several discussions were held with the industry partner to gather feed-
back on the application of MT in their context during the testing of SUT using MT
with HMRs. These discussions culminated in a final meeting with two key repre-
sentatives from the company: the main developer of the optimization code and the
individual responsible for the quality of the software stack where the optimisation
code is deployed.

The MT approach was deemed valuable by the developer for systematically
analysing the system’s limits. The discussions on generally valid HMRs provided
clarity on the condition space of the observed code, even for experienced devel-
opers. This process not only enhanced the developer’s understanding of the SUT
but also highlighted potential edge cases that were previously overlooked. Addi-
tionally, MT was confirmed to be a feasible strategy for ensuring the robustness
of the SUT.

A significant positive side-effect was that the topic of testing was approached
from a more abstract perspective. By focusing on input-output relations rather
than specific outputs, the MT approach encouraged a deeper consideration of in-
variant properties and behavioural patterns in the SUT. This shift in perspective
was appreciated as it provided a fresh way to think about testing in complex sys-
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tems. The added value of the MT approach for the specific use case was assessed
differently by the stakeholders. On one hand, the function chosen for testing was
of moderate complexity but relatively straightforward to understand. The under-
lying codebase was small, involving only one additional external file. On the other
hand, the MT approach demonstrated its potential even in this simpler scenario,
reinforcing its relevance for testing more challenging cases. These include sys-
tems that (a) are difficult to test in isolation, (b) cannot be easily divided into small
functional units, and (c) are subject to frequent modifications.

7.7. Conclusions and Future Directions

MT and mutation testing are both techniques used to uncover errors in systems
when there is a lack of a reliable test oracle or when creating one is not feasible.
In mutation testing, there’s an underlying assumption that the original program is
correct. However, this is not always a safe assumption. In contrast, MT does not
rely on this premise; Once the MR are defined, MT provides a structured approach
to verify these rules. The reliability of the system can then be inferred based on
the adherence to these MRs. The efficacy of MR varies, and it’s important to rank
these rules based on their bug-finding capabilities.

This study advances the understanding and application of MT by introducing a
structured approach to assess MR effectiveness through the fusion of MetaTrim-
mer—an approach for selecting and constraining MRs using TD—and traditional
mutation testing. We starts by evaluating the applicability of each MR based on
TD with MetaTrimmer (Phase 1 - Applying MetaTrimmer). This is complemented
by mutation testing (Phase 2 - Mutation Testing), responsible for generating mu-
tated versions of the SUT, verifying their executability, and performing initial
analyses to determine the fate of mutants (killed, survived, or equivalent). Subse-
quently, we use MetaTrimmer with the mutated SUT versions and compare them
with the rates of killed versus survived from mutation testing analysis (Phase 3 -
Assessing the Effectiveness of HMRs and GMRs). To comprehensively assess MR
effectiveness, we employ a three-level strategy to compare outcomes with those
obtained from mutation testing.

The first level of our evaluation focused on MRs’ ability to detect equivalent
mutants, which do not alter the program’s behaviour in any observable way. This
highlighted the inherent challenge MRs encounter in pinpointing such subtle vari-
ations. It’s crucial to recognise that expecting MRs to detect these mutants with
ease may not be realistic. The second level contrasted these findings by testing
MRs against mutants that were consistently detected (‘killed’) by all TD inputs.
This provided insight into the MRs’ capability to catch significant errors, compar-
ing favourably to traditional mutation testing approaches. In this scenario, effec-
tive MRs should correspondingly trigger violations at least for one TD input. The
third level dealt with ‘mixed cases’, where mutants showed variable responses to
different TD inputs. This final assessment layer was essential for quantifying the
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TD necessary to trigger violations, thus measuring the sensitivity and comprehen-
sive detection capability of each MR. Instances where MRs triggered violations,
despite mutants surviving certain TD inputs, emphasise the need for MRs to be
evaluated not just on their fault detection rate but also on their sensitivity to TD.

Our study provides deep insights into the effectiveness of MRs. First, detect-
ing equivalent mutants remains a significant challenge within mutation testing and
MT. Furthermore, the effectiveness of MRs is clearly demonstrated when all TD
consistently kills mutants. In such scenarios, an effective MR detects mutants by
the triggering of violations across at least one instance of TD. In addition to effec-
tiveness, the sensitivity of MRs is paramount. Sensitivity is linked to the amount
of TD needed to trigger a violation. Our study’s investigation into ‘mixed cases’
uncovers scenarios where specific TD fail to detect mutations, yet MRs detect
violations. This underscores the importance of assessing MRs based on their sen-
sitivity to variations across diverse TD inputs. A highly sensitive MR operates
effectively across a broader range of inputs, making it a desirable attribute when
testing a system.

Regarding the future directions, this study has opened the pathway for deeper
investigation into the ‘softness’ of MRs, a concept that calls for a balanced toler-
ance. Future research should focus on quantifying the degree of softness that is
both acceptable and effective in various contexts, potentially through a systematic
classification of MRs based on their tolerance. Such work could explore how soft-
ness impacts the detection of near-miss faults—errors that only marginally affect
the program’s output. This could be done by systematically analysing the cost-
benefit trade-off involved in implementing ‘softer’ MRs and their impact on the
overall reliability and accuracy of the MT process.

Beyond their use in detecting faults, MRs possess inherent debugging capa-
bilities, each providing insights upon violation. The nature of these insights is
directly tied to the properties of the SUT they are designed to test. For exam-
ple, in our study, the violation of HMR2−PER is showed in only 4 out of 405
mutated programs; when inspecting the mutants and the violation, it pointed to
a sorting function. This precise correlation suggests that violations of MRs can
serve as indicators for potential areas of concern within the code. Future work
should leverage this diagnostic aspect of MRs. By constructing MRs that relate
closely to the structural elements of the SUT, such as key functions or algorithms,
researchers could use MR violations to not only detect the presence of faults but
also narrow down their probable location within the codebase.

7.8. Replication Package

Due to confidentiality agreements, we cannot share the SUT’s source code or mu-
tated versions. Instead, we offer template scripts for replicating our method with
any MATLAB program. The complete data from our experiments is available on
our GitHub repository: Assessing-the-Strength-of-Metamorphic-Testing Repo.
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8. DISCUSSION

In this chapter, we discuss the key contributions of the thesis and evaluate their
implications. This discussion highlights the strengths of the contribution of the
thesis and examines their limitations. We begin by revisiting the Contribution No.
1 - a TD-driven classification method in Section 8.1, followed by the Contribution
No. 2 - a method for refraining MRs by settings constrains based on TD in Sec-
tion 8.2, and finally, the Contribution No. 3 - a method for assessing the strengths
of MRs in Section 8.3.

8.1. Method for Classifying MTs Based on TD

We presented MetaTrimmer, a TD-driven approach for classifying MRs based on
TD. MetaTrimmer marks a significant shift from traditional static, code-structure-
based MR classification methods to a dynamic, TD-driven approach. By evalu-
ating the behaviour of MRs across different TD inputs, MetaTrimmer provides a
more flexible and context-aware classification system. Moreover, it enables the
extraction of constraints that help narrow the scope of MR applicability, allowing
testers to craft more targeted and efficient test cases by ensuring comprehensive
testing coverage. This dual functionality improves both the precision of MR clas-
sification and the overall test coverage.

While further validation is needed across more varied software systems, these
results indicate that MetaTrimmer effectively enhances MR classification by in-
corporating TD behaviour into the decision-making process. It is important to
note that MetaTrimmer is designed to automate the process of classifying MRs
based on TD, which offers significant time and effort savings compared to man-
ual classification. Additionally, MetaTrimmer’s methodology is domain-agnostic,
allowing its application to diverse software systems and domains. This practi-
cal relevance makes it a versatile solution suitable for various testing scenarios,
regardless of the source code or specific domain.

While MetaTrimmer provides a more robust classification system, it still re-
lies on manual intervention during the MR analysis process, which becomes more
challenging when dealing with large datasets. Another potential limitation lies in
the dependency on the diversity and representatives of the generated TD. Since
MetaTrimmer classifies MRs based on TD behaviour, the accuracy and compre-
hensiveness of its classifications are only as good as the TD used. If the TD does
not adequately cover the input space or relevant edge cases, MRs that should be
classified as violated or always not violated may be incorrectly placed into mixed,
leading to less effective test suites. MetaTrimmer currently operates within a spe-
cific SUT context (numerical programs), and its generalisability across diverse
domains remains to be fully validated.
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8.2. Method for Refraining MRs by Settings Constrains Based
on TD

We presented an enhancement of MetaTrimmer, specifically targeting the MR
Analysis step, to refine MRs that fall into the mixed cases by identifying con-
straints within the TD space. This enhancement defines when an MR behaves
as always not violated and when it behaves as always violated. By doing so, it
enhances the usability of mixed MRs, allowing them to function as both positive
(not violated) and negative (violated) test cases. This process not only expands
the test suite but also improves its effectiveness by providing clearer insights into
the applicability of mixed MRs.

The proposed enhancement, MetaTrimmer+, combines manual inspection of
test logs with ARM. ARM plays a crucial role in automating the extraction of
patterns from TD, once the TD is described in a structured form. This automation
helps overcome the challenges of manually defining constraints for MRs, stream-
lining the process and improving overall efficiency in refining MRs.

While the MetaTrimmer+ approach shows promising results, further valida-
tion is needed to fully assess its robustness. A key limitation lies in its depen-
dency on the accuracy and comprehensiveness of the patterns extracted by ARM.
Although ARM helps automate the identification of constraints for mixed MRs, it
may not always capture the full complexity of TD patterns, especially in cases in-
volving non-linear relations or highly intricate system behaviours. In such scenar-
ios, ARM could produce conflicting or incomplete rules, necessitating significant
manual intervention to resolve ambiguities.

Moreover, the effectiveness of the ARM-based approach is closely tied to how
well the TD is described. The process of converting TD into a set of descriptive
characteristics is critical for generating meaningful patterns. If the chosen descrip-
tors fail to capture essential properties of the TD, or if they are overly simplistic,
the resulting rules may not accurately reflect the behaviour of the MRs. For in-
stance, while MetaTrimmer+ utilises descriptors like list size, presence of zeros,
and minimum/maximum values, these may not be adequate for more complex in-
put types or behaviours. The richness and relevance of the descriptors directly
affect ARM’s ability to generate useful patterns. If key features are overlooked,
the constraints identified for the mixed cases could be incomplete or misleading,
limiting the method’s effectiveness in more intricate or domain-specific scenarios.
Thus, the overall success of the approach is highly dependent on the quality and
depth of the descriptors used.
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8.3. Assessing the Strengths of MRs

We introduced a method to assess the defect-detection strengths of test suites gen-
erated from MRs, offering a strategy to rank MRs by their bug-finding capabilities
through a combination of MetaTrimmer and mutation testing. This approach al-
lows testers to prioritise the most effective MRs, optimising the test suite by reduc-
ing its size without sacrificing defect-detection capacity. By focusing on the most
untactful MRs, the method ensures a lean yet highly efficient test suite. Through
the evaluation of both HMRs and GMRs, the approach effectively identified the
MRs that produced the most valuable test cases. Its successful application in an
industrial case study with a real-world SUT from an Austrian company further
demonstrates its practical relevance and applicability.

However, the primary limitation of this method is the computational overhead
associated with mutation testing, particularly when applied to large and complex
SUTs. Additionally, the method’s success is contingent on the quality and di-
versity of the TD. If the TD lacks coverage or does not reflect the full range of
possible system behaviours, the method’s ability to detect defects could be dimin-
ished, potentially affecting the accuracy of the MR rankings.

8.4. Threats to Validity

In this section, we discuss the threats to the validity of the thesis as a whole,
covering the primary contributions and overarching findings. These threats are
categorised into construct, internal, external and conclusion validity.

8.4.1. Construct Validity

Construct validity relates to the appropriateness of the constructs and approaches
proposed in this thesis, including MetaTrimmer, MetaTrimmer+, and the approach
for assessing the strength and ranking of MRs. A significant challenge for all
these approaches is their reliance on the adequacy and diversity of the TD. These
approaches are inherently data-intensive, meaning their effectiveness is strongly
influenced by the quality, diversity, and representativeness of the TD. For example,
in the MetaTrimmer and MetaTrimmer+ approaches, insufficient diversity in the
TD may fail to trigger mixed cases, which are a key aspect of the method’s novelty.
Mixed cases arise when certain MRs exhibit inconsistent behaviours depending
on the characteristics of the TD. If the TD lacks sufficient variation to cover edge
cases or critical behaviours of the SUT, mixed cases may not emerge, and the
analysis may underestimate the applicability of the proposed approach.

Similarly, the assessment of MR strength and the ranking mechanism depend
heavily on the ability of the TD to elicit diverse behaviours in the SUT. If the
input data does not adequately exercise the system’s functionality, the resulting
evaluation may fail to accurately reflect the true capabilities of the MRs or the
SUT’s behaviour under varied conditions. The same holds for mutation testing,
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where the detection of equivalent and trivial mutants, as well as the identification
of level 3 mutants for ranking, is intrinsically linked to the comprehensiveness of
the TD.

To mitigate this threat, we ensured that the TD used during the evaluation of
MetaTrimmer and MetaTrimmer+ included a diverse range of types. This diver-
sity aimed to encompass various input characteristics and behaviours, increasing
the likelihood of observing mixed cases. However, we acknowledge that the eval-
uation was conducted on methods that are relatively simple in nature and with
TD that lacks high complexity. While this simplifies the experimental setup and
enables clearer analysis, it may not fully capture the challenges associated with
more complex, real-world systems. The evaluation conducted with the industrial
partner addresses this limitation by reusing TD that typically is used by the in-
dustrial partner. While the evaluation of the approaches for classifying, refining,
and ranking MRs presented in this thesis provides meaningful insights, extending
it to include more complex methods and diverse datasets from different domains
would further strengthen the generalisability of the findings and demonstrate their
broader applicability.

8.4.2. Internal Validity

Internal validity relates to the soundness of the methodologies used to evaluate the
hypotheses and contributions of the thesis. A significant threat to internal validity
is the adequacy and diversity of the TD used in our experiments. As explained
previously, since the effectiveness of MRs and their evaluation is inherently tied
to the TD, any limitations in the TD could skew the results.

Another potential threat to internal validity is with regard to the MRs used
in the thesis. While the primary goal of the first two contributions, MetaTrim-
mer and MetaTrimmer+, was to demonstrate the capability of the proposed ap-
proaches to select and refine MRs from a predefined pool, the size and diversity
of the MR pool itself may introduce limitations. Specifically, the predefined set
of six MRs, while adequate for controlled evaluations and comparisons with the
PMR approach, may not represent a sufficiently large or diverse set to fully as-
sess the scalability and robustness of the proposed methods. To address this, the
third contribution expanded the evaluation by including both HMRs and GMRs.
HMRs were derived from domain expertise, ensuring their alignment with the
SUT’s characteristics and industrial context. GMRs were selected from well-
documented transformations in the MT literature, providing a broader set of MRs
applicable across various systems. This combined approach mitigated the limi-
tations of relying solely on predefined MRs, allowing for a more comprehensive
assessment of the proposed methods.

Another potential threat to internal validity in the assessment of MR strength is
whether the inclusion of equivalent and trivial mutants (typically discarded in mu-
tation testing) accurately reflects the true strength of MRs. While these mutants
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are leveraged to identify particularly strong or weak MRs (levels 1 and 2), there is
a risk that relying on these constructs might not fully capture all relevant aspects
of MR behaviour. In this thesis, this threat is mitigated by carefully designing the
evaluation process to ensure that equivalent and trivial mutants are used exclu-
sively to highlight extremes in MR strength. Furthermore, the inclusion of level
3 mutants, which represent more the sensitivity of MRs to varying TD character-
istics, provides a robust mechanism for ranking MRs beyond the limitations of
equivalent and trivial mutants. By combining these constructs, we reduce poten-
tial biases in the assessment process and ensure that the rankings accurately reflect
the real-world effectiveness of MRs.

8.4.3. External Validity

External validity concerns the generalizability of the findings and methods to other
systems, domains, and contexts. A significant threat to external validity pertains
to the existence of mixed cases in real-world scenarios. Mixed cases, introduced
as a novel concept, represent situations where the non-violation/violation of a MR
depends on specific characteristics of the TD and the behaviour of the SUT. The
frequency of mixed cases in practice is influenced by the diversity of the TD, the
complexity of the SUT, and the applicability of the MRs to the testing context.

Ideally, the proposed approaches for classifying, refining, and ranking MRs
are intended for early stage of creating a regression test suite. This aligns with the
exploratory testing paradigm, where the primary goal is to uncover unexpected
behaviours or inconsistencies in the SUT based on diverse and exploratory TD. In
such scenarios, mixed cases are more likely to occur due to the absence of strict
predefined expectations and the reliance on input-output relations defined by the
MRs. In the exploratory phase, TD is often generated with high variability to
cover different parts of the SUT, which increases the likelihood of encountering
input subsets that trigger mixed cases.

While the evaluation in this thesis confirmed the existence of mixed cases in
controlled experiments, real-world systems often exhibit greater complexity and
variability, suggesting that mixed cases may be even more prevalent in practical
applications. Future studies focusing on diverse domains and systems could pro-
vide further evidence to support this hypothesis.

Another potential threat to external validity pertains to the specific choice of
MRs and the fact that the proposed methods were evaluated on relatively simple
SUTs and only one real-world SUT. Since MetaTrimmer, MetaTrimmer+, and the
assessment of MR strength rely exclusively on the chosen TD and, in the case
of strength assessment, the generated mutants, there is no reason to assume that
the proposed methods are not generalizable. The fact that the proposed methods
worked equally well with expert-generated HMRs and the selected SUT-relevant
GMRs supports the belief that the specific nature of a chosen MR does not influ-
ence the applicability of the methods.
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8.4.4. Conclusion Validity

Conclusion validity pertains to the reliability of the relationships and patterns
identified in the study. The conclusions drawn in this thesis are based on empirical
data, statistical analyses, and results observed from experiments conducted with
a real-world SUT. A potential threat to conclusion validity arises from the lim-
ited diversity of experiments. While the results demonstrate clear relationships
between TD characteristics and the effectiveness of MRs, as well as their classi-
fication and refinement, it is possible that different systems, TD, or experimental
setups could yield varying results. To mitigate this threat, the reproducibility of
the experiments has been ensured by sharing all generated data and scripts used
during the evaluations conducted across the contributions. This transparency al-
lows others to replicate the findings and validate the results in different contexts,
thereby strengthening the reliability of the conclusions
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9. CONCLUSION

In the research conducted in this thesis, the focus has been on advancing the field
of MT, particularly by developing new methods that enhance the process of gen-
erating, classifying, refining, and assessing MR.

Traditionally, the logic behind MR selection using binary classifiers assumes
that a chosen MR must universally apply across the entire valid input data space.
However, this assumption is often unrealistic, as MRs may only apply to spe-
cific subsets of the input space. As demonstrated in this thesis, relying on the
belief that an MR must consistently apply to all valid input data can lead to false
positives, where a violation is incorrectly perceived as a fault, even though there
may be none. This thesis challenges the assumption of universal applicability by
introducing TD-driven methods to classify and refine MRs.

The first contribution of this thesis, MetaTrimmer, introduces a TD-driven
method for classifying MRs. By evaluating the behaviour of MRs across different
TD inputs, MetaTrimmer shifts away from traditional static, code-structure-based
classification methods toward a more dynamic, context-aware system. MetaTrim-
mer offers a more flexible and precise way to classify MRs, accounting for cases
where MRs may only apply to specific TD subsets. MetaTrimmer’s ability to
extract constraints that narrow the scope of MR applicability further enhances
its utility, allowing testers to create more targeted and effective test cases. By
incorporating TD into the decision-making process, MetaTrimmer addresses the
limitations of binary classifiers and offers a more robust solution to MR classifi-
cation.

While MetaTrimmer has shown promise in classifying MRs based on TD, its
current application is limited to specific types of SUTs. A key future direction is
expanding MetaTrimmer’s applicability across diverse software domains, includ-
ing complex systems like AI and ML models, where the behaviour of MRs may
vary greatly across different input data spaces. Additionally, future research could
explore integrating MetaTrimmer with other test generation techniques, such as
fuzz testing or model-based testing, to enhance the diversity of generated TD and
ensure better coverage of edge cases.

The second contribution, extends the MR analysis of MetaTrimmer, by refin-
ing MRs that fall into the mixed-cases category. This enhancement helps identify
constraints within the TD space, defining when an MR behaves as always not
violated or always violated. By combining manual inspection of test logs with
automated pattern extraction using ARM, MetaTrimmer+ enhances the usability
of mixed MRs. These MRs can now function as both positive and negative test
cases, improving the overall effectiveness of the test suite. However, the success
of this approach heavily depends on the quality of the TD descriptions and the
ability of ARM to capture the full complexity of TD patterns. Despite these chal-
lenges, MetaTrimmer+ represents a significant step forward in refining MRs.
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MetaTrimmer+ successfully introduces an ARM-based approach for refining
the MRs that present mixed cases, but its effectiveness hinges on the quality of
the TD descriptors used. Future work could focus on enhancing the descriptor
generation process, particularly for more complex or domain-specific systems,
by incorporating richer and more context-aware features. In addition, leveraging
deep learning techniques for feature extraction could improve the identification
of non-linear relations within TD, further refining the accuracy of the constraints
applied to MRs that present mixed cases. Another potential direction would be
exploring hybrid approaches that combine multiple pattern extraction methods to
complement ARM, thereby increasing the reliability of the refinement process
when dealing with intricate system behaviours or non-traditional input data types.
Beyond ARM, alternative approaches for defining constraints could also be ex-
plored. For instance, graph-based techniques use nodes and edges to represent
relations between TD features and MR behaviours. Bayesian networks [95], on
the other hand, provide a probabilistic framework that can model uncertainty in
MR behaviour and define constraints based on conditional probabilities derived
from the TD [96]. Additionally, LLMs could be explored to find patterns and pro-
vide constraints by leveraging their ability to learn complex relations between the
violation status of MRs and the TD.

Constraint programming [82] or optimization-based approaches [91] could for-
malize constraints as solvable mathematical relations, providing a systematic and
rigorous way to evaluate and refine MRs. Additionally, rule induction methods
[97], such as decision trees or rule-based algorithms, could generate interpretable
constraints by extracting logical rules from the TD, offering insights into the be-
haviour of the SUT that align with the MRs. While these alternative approaches
offer promising opportunities for defining constraints, they also come with chal-
lenges, such as scalability limitations, computational overhead, and the need for
domain-specific customization to address complex or specialized systems.

Finally, the third contribution is a method for assessing the strengths of MRs
based on their defect detection capabilities. By integrating MetaTrimmer with
mutation testing, this approach ranks MRs by their bug-finding effectiveness, al-
lowing testers to focus on the most valuable MRs and optimise the test suite by
reducing its size without sacrificing defect-detection capacity. This method was
successfully applied in an industrial case study, demonstrating its practical rele-
vance. While the approach offers clear advantages, such as the ability to prioritise
the most effective MRs, it also faces limitations in terms of computational over-
head, particularly for large and complex systems. Additionally, the success of the
method depends on the quality and diversity of the TD used, as inadequate TD
coverage may impact the accuracy of MR rankings.

Future research could explore optimising mutation testing by developing more
efficient mutant selection techniques, such as using ML to predict which mutants
are most likely to reveal faults. Additionally, the study made in the contribution
three has opened the pathway for deeper investigation into the ‘softness’ of MRs,
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a concept that calls for a balanced tolerance. Future research should focus on
quantifying the degree of softness that is both acceptable and effective in various
contexts, potentially through a systematic classification of MRs based on their
tolerance. Such work could explore how softness impacts the detection of near-
miss faults—errors that only marginally affect the program’s output. This could
be done by systematically analysing the cost-benefit trade-off involved in imple-
menting ‘softer’ MRs and their impact on the overall reliability and accuracy of
the MT process.

Beyond their use in detecting faults, MRs possess inherent debugging capa-
bilities, each providing insights upon violation. The nature of these insights is
directly tied to the properties of the SUT they are designed to test. Future work
should leverage this diagnostic aspect of MRs. By constructing MRs that relate
closely to the structural elements of the SUT, such as key functions or algorithms,
researchers could use MR violations to not only detect the presence of faults but
also narrow down their probable location within the codebase.
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Appendix A. REPLICATION STUDY ON PREDICTING
METAMORPHIC RELATIONS

Appendix A provides detailed information on the replication study conducted as
part of Chapter 5. Our replication aims to verify the findings, assess the gener-
alisability of the PMR across different programming languages, and extend the
approach with additional evaluations. The results and methodologies discussed
here form a critical foundation for the advancements proposed in this thesis.

A.1. Replication Methodology

Our goal is to investigate whether the PMR approach of Kanewala et al. (i) can
be replicated when using our own implementation of the pipeline for develop-
ing classifiers starting out from Java source code instead of CFG representations,
(ii) classifiers trained on Java source code can be transferred to Python and C++
methods that have identical functionality, and (iii) the PMR approach can be ap-
plied to Python and C++ code when classifiers are developed from scratch in the
target programming languages. Each of these scenarios gives rise to a research
question that we answer in our study. In all scenarios, we follow the PMR pro-
cedure, Figure 5, and we use the same set of six pre-defined MRs used in the
original study, i.e., Section 3.5.2. However, we develop our own pipeline and
create new datasets. For performance evaluation, we employ 10-fold stratified
cross-validation., i.e., the dataset is randomly partitioned into ten subgroups. The
classifier is then built using nine subsets, with the 10th subset being used to eval-
uate the predictive model’s performance. This procedure is done ten times, with
each of the ten subgroups being evaluated separately. The ten folds in stratified
10-fold cross-validation are partitioned in such a way that they include about the
same proportion of classes as the original data set. The resulting overall perfor-
mance is measured as the average of the ten cross-validation tests.

Our replication package containing results, scripts, models and datasets is
available online1.

A.1.1. Research Questions

We aim at answering the following research questions
• RQ1: [Replicability] How well do classifiers predict matching MRs for

Java methods when using our processing and training pipeline starting from
source code?

• RQ2: [Transferability] How well do classifiers developed on Java code
predict matching MRs for functionally equivalent methods implemented in
Python and C++?

1https://github.com/aduquet/RENE-PredictingMetamorphicRelations
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• RQ3: [Generalisability] How well do classifiers predict matching meth-
ods for Python and C++ methods when developed from source code in the
respective target languages?

A.1.2. RQ1: How well do classifiers predict matching MRs for Java
methods when using our pipeline implementation?

In RQ1, we investigate the replicability of the PMR approach when starting out
directly from Java source code (instead of CFG representations), performing all
steps of feature extraction and re-generating the classifiers with a different ML
package. In particular, we are interested in checking whether the classifiers de-
veloped by us achieve the same performance as published in [29]. Satisfactory
results for RQ1 are the pre-requisite for tackling RQ2 and RQ3.

To compare with the work of Kanewala et al., we develop our own artefacts
for Phase II - Data preparation, Step 2.1 – Feature extraction, and all the artefacts
needed by Phase III Training and testing. Then we compare the results of SVM
obtained by Kanewala et al. [29] who used PyML Toolkit [98] with our results
achieved using Python scikit-learn library [99] with default parameter settings.
For the comparison we use two datasets. The first dataset is the one used in the
original study by Kanewala et al., i.e., the methods from Table 6. This dataset
contains the CFG representations of the 100 Java methods in DOT format. In the
following, we call this dataset DSJK . The second dataset contains the Java source
code of the 100 methods from Table 6 as contained in the open-source libraries.
We call this dataset DSJV . To construct this dataset, we manually translated the
CFG into Java source code, ensuring that the functionality of each method aligns
with the descriptions provided in the original CFG representations.

When using DSJK we apply the PMR approach from Phase I - Step 1.2 through
Phase III - Step 3.3, since this dataset already contains the CFG representation of
each method in DOT format. When using DSJV , we apply our entire pipeline
implementing the PMR approach, i.e., from Phase I - Step 1.1 to Phase III - Step
3.3. To get the CFG representation in DOT format for the dataset DSJV , we use
the soot[62] Java framework, configured so that the output matches the CFGs of
the original dataset. Then, we compare the performance of our classifiers against
the results published by Kanewala et al. In particular, we compare BSR and AUC
since these are the measures provided in the original study [29]. In addition,
we provide the performance measures detailed in Appendix B.1.2 - Step 3.3 –
Performance evaluation.
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A.1.3. RQ2: How well do classifiers developed on Java code predict
matching MRs for functionally equivalent methods implemented in

Python and C++?

In RQ2, we check whether classifiers developed with the PMR approach from Java
methods achieve the same performance when applied to methods with identical
functionality but implemented in Python or C++. We chose Python and C++
because both are popular and widely used programming languages supporting a
broad range of applications [100].

For this experiment, we created two new datasets containing source code of
methods written in Python and in C++. Each method in these datasets was man-
ually mapped from its equivalent in the Java source code. The methods in each
dataset are functionally identical to that of the 100 Java methods described in Ta-
ble 6. The corresponding method implementations were either retrieved from the
NumPy package for scientific computing in case of Python, the Blinz++ high-
performance library for scientific computing in case of C++, or they were imple-
mented in Python/C++ by the authors if not present in these libraries. Because
the functionality of the Python and C++ methods is equivalent to the function-
ality of the Java methods, we can assume that exactly the same MRs that match
the Java methods match the corresponding Python and C++ methods. The dataset
named DSPY contains the Python methods, and the dataset named DSC++ contains
the C++ methods. To get the graph representation in DOT format, Section 3.5.1:
Phase I - Step CFG generation, for the methods written in Python, we use the
Python package pycfg [101], and for the methods written in C++, we use Gob-
lint[102], [103].

A.1.4. RQ3: How well do classifiers predict matching methods for
Python and C++ methods when developed from source code in the

respective target languages?

Finally, in RQ3, we check whether the PMR approach works for Python and C++
code similarly well as it does for Java code, if we develop the classifiers for each
target language from scratch. Thus, we train SVM models using each dataset, i.e.,
DSPY and DSC++. We compare the performance of the new classifiers against the
results obtained in RQ1 and RQ2.

A.2. Results and Discussion

A.2.1. RQ1 How well do classifiers predict matching MRs for Java
methods when developed from source code using our pipeline?

Table 22 shows the performance of our PMR implementation for both Java datasets,
DSJK and DSJV . Overall, regardless of the feature extraction technique used, the
results are fairly close. This can be seen in the Error column, which displays the
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difference in performance between DSJK and DSJV for each MR. The most nega-
tive value is −0.104 (Accuracy of ADD) while the farthest positive value is 0.148
(BSR of INV). This indicates that the classifiers developed by us are consistent
for Java code independent from the starting point of the model development (CFG
vs. source code). Table 23 shows how the performance of our PMR implemen-
tation compares to the performance obtained by Kanewala et al. in terms of AUC
and BSR. As can be seen from the Error column, our results are close to those
obtained in the original study. The Error range is [-0.093, 0.061] for AUC and [-
0.118, 0.117] for BSR. From combining the results shown in Table 23 with those
shown in Table 22 we conclude that our implementation of PMR achieves similar
performance as reported in [29] even when starting out from source code.

With regards to replicability (RQ1), our results indicate that we can achieve
similar results as Kanewala et al. when re-implementing the PMR ap-
proach no matter whether we start the modelling process from source code
or from CFG representations.

Table 22. PMR performance achieved by our classifiers when starting from DSJV and
DSJK

MR Feat⊥
Performance measurements

Accuracy Precision Recall f-measure AUC BSR
DSJK DSJV Error± DSJK DSJV Error± DSJK DSJV Error± DSJK DSJV Error± DSJK DSJV Error± DSJK DSJV Error±

ADD
NF-NP 0.802 0.787 0.015 0.786 0.751 0.035 0.812 0.704 0.108 0.773 0.775 -0.002 0.837 0.827 0.010 0.768 0.785 -0.017

GK 0.712 0.816 -0.104 0.702 0.732 -0.030 0.717 0.758 -0.041 0.744 0.712 0.032 0.769 0.707 0.062 0.737 0.729 0.008
RWK 0.851 0.86 -0.009 0.836 0.712 0.124 0.771 0.791 -0.020 0.786 0.785 0.001 0.905 0.877 0.028 0.843 0.829 0.014

MUL
NF-NP 0.712 0.688 0.024 0.672 0.689 -0.017 0.685 0.661 0.024 0.657 0.705 -0.048 0.742 0.734 0.008 0.631 0.654 -0.023

GK 0.663 0.641 0.022 0.714 0.732 -0.018 0.697 0.758 -0.061 0.676 0.733 -0.057 0.775 0.730 0.045 0.689 0.657 0.032
RWK 0.789 0.695 0.094 0.666 0.706 -0.040 0.693 0.797 -0.104 0.660 0.676 -0.016 0.846 0.820 0.026 0.774 0.739 0.035

PER
NF-NP 0.838 0.840 -0.002 0.860 0.883 -0.023 0.835 0.846 -0.011 0.855 0.790 0.065 0.945 0.925 0.020 0.847 0.813 0.034

GK 0.834 0.826 0.008 0.888 0.819 0.069 0.823 0.845 -0.022 0.864 0.79 0.074 0.872 0.811 0.061 0.853 0.839 0.014
RWK 0.916 0.918 -0.002 0.917 0.827 0.090 0.878 0.835 0.043 0.877 0.893 -0.016 0.963 0.944 0.019 0.757 0.793 -0.036

INC
PF-NP 0.792 0.807 -0.015 0.847 0.822 0.025 0.837 0.837 0.000 0.776 0.759 0.017 0.845 0.852 -0.007 0.793 0.786 0.007

GK 0.752 0.788 -0.036 0.721 0.781 -0.060 0.790 0.776 0.014 0.783 0.718 0.065 0.850 0.882 -0.032 0.762 0.744 0.018
RWK 0.799 0.839 -0.040 0.832 0.792 0.040 0.800 0.773 0.027 0.854 0.764 0.090 0.862 0.821 0.041 0.673 0.654 0.019

EXC
NF-NP 0.763 0.753 0.010 0.772 0.783 -0.011 0.778 0.759 0.019 0.762 0.789 -0.027 0.768 0.755 0.013 0.868 0.839 0.029

GK 0.816 0.787 0.029 0.816 0.861 -0.045 0.849 0.890 -0.041 0.871 0.790 0.081 0.873 0.870 0.003 0.758 0.755 0.003
RWK 0.774 0.725 0.049 0.757 0.743 0.014 0.757 0.741 0.016 0.769 0.744 0.025 0.731 0.727 0.004 0.79 0.757 0.033

INV
NF-NP 0.714 0.705 0.009 0.674 0.659 0.015 0.702 0.671 0.031 0.675 0.694 -0.019 0.905 0.917 -0.012 0.656 0.661 -0.005

GK 0.778 0.759 0.019 0.765 0.769 -0.004 0.738 0.737 0.001 0.760 0.721 0.039 0.671 0.670 0.001 0.679 0.655 0.024
RWK 0.651 0.585 0.066 0.610 0.659 -0.049 0.643 0.639 0.004 0.675 0.653 0.022 0.760 0.766 -0.006 0.787 0.639 0.148

⊥Feature extraction approach, ±Error (DSJK −DSJV ), NF-PF: Node Feature - Path Feature, GK: Graphnet Kernel, RWK: Random Walk Kernel

A.2.2. RQ2 How well do classifiers developed on Java code predict
matching MRs for functionally equivalent methods implemented in

Python and C++?

Table 24 reports on the performance when using classifiers, developed starting
out from the DSJV dataset, to predict matching MRs for methods contained in
the DSPY and DSC++ datasets. The assumption behind applying a classifier built
on Java code to methods that are functionally equivalent but implemented in a
different programming language is that the CFG representations from which the
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features in the SVM models are taken would be similar enough to achieve similar
classification performance as when applied to Java methods.

However, as shown in Table 24, the performance is low for all performance
measures and for both Python and C++. No measure is greater than 0.689. This
result suggests that the representation of the CFGs of the Python and C++ meth-
ods to which the feature extraction algorithm is applied are more different from
the CFGs of the Java methods than expected. This can be explained due to the
language-specific CFG generators that we used as well as differences in the way
how the methods (with identical functionality) are implemented in different pro-
gramming languages.

With regards to transferability (RQ2), our results suggest that classifiers
trained on a dataset containing methods in one programming language
(Java) have reduced performance when applied to datasets with function-
ally equivalent methods implemented in a different programming language
(Python, C++). Hence, classification models built according to the pro-
posed PMR approach may not be transferable across languages.

Table 23. Comparison of PMR performance (AUC and BSR) achieved by Kanewala et
al. and when using classifiers developed by us starting from DSJK

MR Feat⊥
Performance measurements
AUC BSR

[29] DSJK Error± [29] DSJK Error±

ADD
NF-PF 0.81 0.837 -0.027 0.77 0.768 0.002

GK 0.83 0.769 0.061 0.79 0.737 0.053
RWK 0.92 0.905 0.015 0.85 0.843 0.007

MUL
NF-PF 0.73 0.742 -0.012 0.65 0.631 0.019

GK 0.78 0.775 0.005 0.69 0.689 0.001
RWK 0.83 0.846 -0.016 0.74 0.774 -0.034

PER
NF-PF 0.93 0.945 -0.015 0.83 0.847 -0.017

GK 0.91 0.872 0.038 0.83 0.853 -0.023
RWK 0.95 0.963 -0.013 0.87 0.757 0.113

INC
NF-PF 0.84 0.845 -0.005 0.80 0.793 0.007

GK 0.88 0.850 0.030 0.75 0.762 -0.012
RWK 0.89 0.862 0.028 0.79 0.673 0.117

EXC
NF-PF 0.78 0.768 0.012 0.75 0.868 -0.118

GK 0.78 0.873 -0.093 0.74 0.758 -0.018
RWK 0.90 0.731 0.169 0.79 0.790 0.000

INV
NF-PF 0.84 0.905 -0.065 0.64 0.656 -0.016

GK 0.68 0.671 0.009 0.66 0.679 -0.019
RWK 0.76 0.769 -0.009 0.74 0.787 -0.047

⊥Feature extraction approach, ±Error ( [29]−DSJK)
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A.2.3. RQ3 How well do classifiers predict matching methods for
Python and C++ methods when developed from source code in the

respective target languages?

Table 25 reports the results of using the PMR approach to develop classifiers sep-
arately for each programming language (Python and C++). Comparing Table 24
and Table 25 indicates that the performance improves remarkably when using
models that are trained specifically to also consider the implementation character-
istics stemming from the different programming languages.

Even though the performance has improved by developing language specific
classifiers, the results for Python and C++ are generally below the results achieved
for Java, with the results for C++ being consistently the worst.

With regards to generalisability (RQ3), our results suggest the PMR ap-
proach can be applied for different programming languages when the clas-
sifiers are re-trained on the specific target language. The slightly lower
performance, esp. for C++, needs further exploration of the data and the
choice of model parameter settings (tuning).

Table 24. Performance of SVM models when trained with DSJV and tested with DSPY
and DSC++

MR Feat⊥
Performance measurements

Accuracy Precision Recall f-measure AUC BSR
DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++

ADD
NF-PF 0.575 0.459 0.572 0.522 0.555 0.551 0.554 0.473 0.551 0.529 0.563 0.466

GK 0.564 0.447 0.532 0.426 0.543 0.470 0.531 0.473 0.547 0.452 0.561 0.427
RWK 0.544 0.468 0.526 0.474 0.593 0.403 0.500 0.483 0.550 0.466 0.503 0.414

MUL
NF-PF 0.494 0.588 0.627 0.596 0.495 0.639 0.522 0.658 0.623 0.574 0.652 0.648

GK 0.460 0.472 0.463 0.436 0.477 0.392 0.479 0.400 0.480 0.431 0.475 0.478
RWK 0.499 0.388 0.499 0.388 0.492 0.387 0.488 0.393 0.490 0.393 0.499 0.384

PER
NF-PF 0.521 0.445 0.503 0.403 0.517 0.411 0.507 0.570 0.535 0.519 0.542 0.545

GK 0.520 0.458 0.525 0.398 0.563 0.431 0.546 0.392 0.499 0.399 0.535 0.454
RWK 0.515 0.424 0.515 0.540 0.503 0.471 0.517 0.496 0.516 0.413 0.532 0.514

INC
NF-PF 0.579 0.578 0.576 0.527 0.580 0.496 0.580 0.590 0.597 0.603 0.577 0.477

GK 0.578 0.518 0.588 0.501 0.597 0.576 0.579 0.476 0.582 0.558 0.594 0.587
RWK 0.536 0.521 0.525 0.444 0.508 0.528 0.536 0.526 0.512 0.478 0.500 0.486

EXC
NF-PF 0.637 0.440 0.639 0.497 0.535 0.502 0.591 0.507 0.600 0.525 0.639 0.478

GK 0.597 0.561 0.648 0.506 0.592 0.552 0.649 0.494 0.610 0.467 0.658 0.492
RWK 0.568 0.548 0.579 0.564 0.613 0.610 0.579 0.627 0.570 0.590 0.637 0.562

INV
NF-PF 0.531 0.493 0.534 0.422 0.525 0.433 0.502 0.471 0.514 0.411 0.512 0.491

GK 0.472 0.411 0.478 0.395 0.473 0.401 0.477 0.421 0.468 0.403 0.469 0.459
RWK 0.470 0.417 0.507 0.378 0.529 0.400 0.465 0.402 0.435 0.333 0.461 0.352

⊥Feature extraction approach, NF-PF: Node Feature - Path Feature, GK: Graphnet Kernel, RWK: Random Walk Kernel
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Table 25. Performance of SVM models for DSPY and DSC++ datasets

MR Feat⊥
Performance measurements

Accuracy Precision Recall f-measure AUC BSR
DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++ DSPY DSC++

ADD
NF-PF 0.706 0.577 0.742 0.660 0.748 0.590 0.683 0.645 0.723 0.691 0.760 0.653

GK 0.724 0.599 0.671 0.708 0.713 0.655 0.757 0.606 0.730 0.652 0.798 0.667
RWK 0.737 0.738 0.653 0.720 0.699 0.797 0.668 0.730 0.693 0.750 0.726 0.725

MUL
NF-PF 0.670 0.611 0.652 0.623 0.701 0.584 0.787 0.688 0.746 0.594 0.656 0.580

GK 0.613 0.658 0.627 0.657 0.659 0.648 0.643 0.561 0.663 0.607 0.663 0.625
RWK 0.727 0.795 0.732 0.742 0.640 0.685 0.726 0.715 0.686 0.735 0.721 0.677

PER
NF-PF 0.818 0.732 0.822 0.702 0.820 0.778 0.755 0.763 0.769 0.754 0.865 0.754

GK 0.835 0.777 0.785 0.725 0.820 0.830 0.802 0.752 0.797 0.717 0.829 0.694
RWK 0.869 0.824 0.856 0.853 0.811 0.877 0.862 0.755 0.796 0.735 0.798 0.840

INC
NF-PF 0.746 0.677 0.734 0.684 0.789 0.661 0.796 0.705 0.789 0.647 0.792 0.619

GK 0.671 0.754 0.659 0.713 0.685 0.756 0.685 0.781 0.682 0.772 0.681 0.672
RWK 0.785 0.760 0.793 0.721 0.808 0.784 0.746 0.682 0.804 0.753 0.793 0.694

EXC
NF-PF 0.734 0.635 0.694 0.649 0.713 0.652 0.725 0.690 0.715 0.732 0.737 0.732

GK 0.752 0.698 0.735 0.681 0.703 0.745 0.725 0.742 0.764 0.760 0.734 0.673
RWK 0.791 0.805 0.805 0.834 0.782 0.794 0.788 0.786 0.808 0.811 0.780 0.753

INV
NF-PF 0.606 0.571 0.671 0.543 0.668 0.539 0.661 0.594 0.673 0.559 0.672 0.538

GK 0.582 0.595 0.598 0.620 0.589 0.586 0.558 0.579 0.604 0.633 0.599 0.624
RWK 0.683 0.611 0.673 0.629 0.717 0.614 0.648 0.649 0.675 0.711 0.712 0.708

⊥Feature extraction approach, NF-PF: Node Feature - Path Feature, GK: Graphnet Kernel, RWK: Random Walk Kernel

A.2.4. Threats to Validity

In the context of our study, two types of threats to validity are most relevant:
threats to internal and external validity.

To achieve internal validity, we used the same set of methods and of MRs as in
Kanewala et al. [29]. For the Python and C++ datasets, we carefully checked func-
tional equivalence of the methods with those in the original Java dataset. Given
functional equivalence of the methods, we assume that the matching MRs are
identical for each of the three chosen programming languages. However, this has
not been verified. It is unlikely but possible that some methods have slight dif-
ferences in the set of matching MRs due to the programming language. Another
potential validity threat in our study is that we recreated all steps of the PMR
approach using different machine learning libraries with potentially different pa-
rameter settings.

However, the performance measures in RQ1 (Table 22) align well with the
results reported in the original study. This suggests that we have understood how
to correctly build the classifiers in our replication.

Regarding external validity, our study uses the same methods as in the origi-
nal study but implemented in different programming languages. For the sake of
generalisability, it would have been preferable to include additional methods to
overcome any potential bias introduced by the selection of methods in the original
study. As a consequence, our replication cannot determine the actual scope of the
effectiveness of the PMR approach.
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A.3. Conclusion

We closely as well as conceptually replicated the study of Kanewala et al. [29].
First, we reproduced the PMR approach using our own implementation of the
pipeline for feature extraction and training classifiers by starting out from Java
source code and creating corresponding CFGs. We showed that our classifiers
perform equally well as in the original study indicating a successful replication
as basis for further experiments. Second, we checked transferability of classifiers
trained on methods implemented in Java to other programming languages (Python
and C++). We found that the performance decreases too much to consider this
approach feasible. This is caused by programming language-specific implemen-
tation details, despite relying only on features extracted from the abstract CFG
representation of the methods.

Third, we demonstrated that the PMR approach can be generalised. When
re-training the classifiers from scratch on Python and C++ source code, the per-
formance we achieved was almost comparable to those from classifiers trained on
Java code.

All artefacts created by us as well as all results are available in a replication
package.
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Appendix B. USING SOURCE CODE METRICS FOR
PMR - EXTENSION OF THE PMR APPROACH

In Appendix B, we present an extension of the PMR approach by incorporating
source code metrics into the classification process. The methodology, dataset, and
results of this extended analysis are provided, offering insights into how source
code metrics can enhance the prediction and classification of metamorphic rela-
tions across different systems. The goal is to determine whether and how it is
possible to achieve similar or better performance than that obtained by Kanewala
et al. [29], [30], but using features extracted from source code rather than those
derived from the CFG.

B.1. Methodology

In this extension of the PMR approach, we focus on automated MR identification,
following the PMR approach but using source code metrics instead of CFG in-
formation. The research questions are addressed through the analysis of results
from multiple implementations of the PMR procedure. Therefore, in this section,
we first present the research questions (Appendix B.1.1), then PMR procedure,
which is slightly different from the one proposed by Kanewala et al. [29], [30]
(Appendix B.1.2). Then, we present the labelled dataset used in our study (Ap-
pendix B.1.3). Finally, we present the performance measures used in this study
(Appendix B.1.4)

B.1.1. Research Questions

In the context of our study, we answer the following research questions:
• RQ1: What set of source code based features provides the best PMR per-

formance?
• RQ2: Does PMR performance improve when using source code based fea-

tures instead of CFG-based features?
we focus on PMR feature engineering. In particular, we are interested in under-

standing whether and how it is possible to achieve a similar or better performance
than that obtained by Kanewala et al. [29], [30], but using features extracted from
source code rather than features extracted from the CFG.

B.1.2. PMR-Software-Metrics Based Procedure

Figure 31 shows the PMR-Software-Metrics procedure. The PMR Software Met-
rics procedure consists of three phases. Phase I is responsible for extracting met-
rics of the method source code. The output of this phase is a csv file with 21
source code metrics related features per method. Phase II is in charge of prepar-
ing the data according to the requirements of the ML algorithms. For example,
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encoding categorical features. Also, each method is labelled with elements from
the set of pre-defined MRs. Phase III is in charge of training and evaluating the
binary classification models that predict whether a specific MR is applicable to
the unit testing of a specific method. Below we describe each phase in detail.

Phase I - Feature extraction. in this phase, a list of features from various
source code metrics is retrieved for each method. A source code metric is a quan-
titative measure of a software system’s attribute. Measuring software complexity
[104], assessing software maintainability [105], measuring software quality [106],
and other applications rely on source code metrics. Recent studies have demon-
strated the usefulness of employing source code metrics in a variety of research
areas, including defect prediction [107], and time cost reduction in mutation test-
ing [108]–[110]. In our implementation, a total of 21 source code metrics are
used, as shown in Table 26. We use SCminer1, which is an open-source tool for
mining source code metrics at method level that support three different program-
ming languages (Java, C++, and Python).
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Figure 31. PMR procedure with new feature set

Phase II – Data preparation. This phase is made up of two steps:
Step 2.1 – Encoding: This step is in charge of preparing the data according

to the requirements of the ML algorithms. For instance, encoding categorical
features. Also, a further feature selection analysis can be done. Feature selection
is an extra activity that allows exploring the different performances of ML models
when different features are used.

1https://github.com/aduquet/SCminer
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Table 26. Software metrics

Metric Description

tloc Total number of lines of code
sloc_whbl Total number of code lines without blank lines

nloc
Total number of code lines without comments or
libraries statements

nloc_whbl
Total number of code lines without blank lines,
comments or libraries statements

sloc_statements Total number of lines with code statements
token_count Token is the word and operators, etc.
start_line First code line
end_line Last code line

full_parameters
It provides the full input parameters
including the variable name

numArg Number of inputs arguments
dataArg Inputs data type, e.g., int array, int, float, etc.
numOper Number of arithmetical operators

numOperands
Number of operands, e.g., variables,
numeric and string constants

total_Var Total number of variables declared
numLoops Number of loops

CCN
Cyclomatic Complexity Number, which is the number
of possible alternative paths through a piece of code

numMethCall Number of external methods called
has_return Tells if the method has a return value
totalReturn Tells how many return statements the method has
returnDataType Return data type, e.g., int array, int, float, etc.
ext extention file (Java, C++, or Python)

Step 2.2 – Labelling MRs: Since PMR employs supervised learning classi-
fication techniques, which need the usage of a labelled dataset to give instances
for learning. After the feature extraction phase and encoding step, the training
dataset is constructed by manually labelling each method with suitable MRs. De-
pending on whether a certain MR does or does not satisfy the method, the method
is labelled with a 1 or a 0 for such MR.

Phase III – Training and testing. This step entails extracting information
from data using one or more supervised ML algorithms, or a combination of them.
There are three steps that must be taken.

Step 3.1 – Data split: This step is responsible for splitting the dataset into
two subsets: a training set and a test set. The training set is used to create the
prediction model, while the test set is used to evaluate the performance of the
created prediction model.

Step 3.2 – Model creation refers to the process of building predictive models.
Selecting an appropriate modelling technique is crucial for both the training and
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prediction phases in any ML application, including the PMR approach. In this
study, five popular classification algorithms are evaluated for their application to
PMR, including:

• Random Forest (RF)
• Support Vector Machine (SVM) with linear kernel
• Decision Trees (DT)
• Gaussian Naıve Bayes (GNB)
• Logistic Regression (LR)

Step 3.3 – Performance evaluation: This step measures the performance of
the created prediction models. To assess classification performance, we utilised
stratified k–fold crossvalidation. The k–fold crossvalidation approach assesses
how well a prediction model performs on previously unknown data. The data set
is randomly partitioned into k subgroups in k–fold cross-validation. Then, k–1
subsets are utilised to develop the predictive model (training), and the remain-
ing subset is used to assess the predictive model’s performance (testing). This
procedure is performed k times, with each of the k subsets being used to assess
performance. In stratified k–fold cross-validation, k–folds are partitioned so that
they include roughly the same percentage of positive (functions that display a
specific MR) and negative (functions that do not exhibit a specific metamorphic
relation) samples as the original data set.

B.1.3. Dataset and pre-defined set of MRs

Kanewala et al. [29] provide a dataset with 100 Java methods in their CFG rep-
resentation2. Instead of using the CFGs, we built a code corpus containing the
source code of the same 100 Java methods. The methods are from the open-source
libraries Colt Project [67], an open-source library written for high-performance
scientific and technical computing, Apache Mahou [68], a machine learning li-
brary, Apache Commons Mathematics [69], a library of mathematics and statistics
components, and Java Collections [70], a framework that provides an architecture
to store and manipulate the group of objects. All of these libraries are written in
Java. To obtain the source code of the methods presented in the form of CFGs by
Kanewala et al., we search in the different libraries for the name of the method.

We evaluate the performance of our PMR-software-metric-based implemen-
tation using prediction recall, accuracy, precision, F1-score, and AUC-ROC for
each subject using 10-fold cross validation and then summarise (using the mean)
those statistics to compare the performance of different classification algorithms.
To be able to make a fair comparison, we use the same set of six pre-defined MRs
as in the original study [29].

2http://www.cs.colostate.edu/saxs/MRpred/functions
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Table 12 lists the MRs used, the changes in the inputs and the expected outputs,
and the total number of methods to which a specific MR applies. Details of the
set of methods, i.e., method name, library to which it belongs, and the MRs that
apply, have been made available in github3.

B.1.4. Performance Measures

We evaluate the performance of our PMR implementation using prediction re-
call, accuracy, precision, F1-score, and AUC-ROC for each subject using 10-fold
cross validation and then summarise (using the mean) those statistics to compare
the performance of different classification algorithms. We denote a classification
output in which a specific MRn satisfies the method m as the positive class and
a classification output in which specific MRn does not satisfy the method m as
the negative class. Using this notation, each standard performance measure is ex-
pressed as a function of the counts of elements in the Confusion Matrix defined as
follows (denote TP as true positive, TN as true negative, FP as false positive, FN
as false negative):

• recall = TP / (TP + FN)
• accuracy = (TP + TN) / (TP + FP + TN + FN)
• precision = TP / (TP + FP)
• F1-score is the harmonic mean of precision and recall
• AUC-ROC, area under the receiver operating characteristic (ROC) curve

B.2. Results

The full set of data generated during our experiments as well as all scripts can be
found in our GitHub repo4.

B.2.1. RQ1: What set of source code based features provides the
best PMR performance?

As a first step to answering ARQ4, we explore whether using a subset of the max-
imum set of 21 features helps improve the performance of each MR classifier. To
do this, an RF classifier is used to calculate the importance score of each feature.
Note that, taking randomness into account, we built RF classifiers ten times and
then averaged the importance score for each feature. Figure 32 shows the feature
importance score per MR, Table 27 and Table 28 lists the absolute importance
values per MR. In both, figure and tables, the features are ranked from highest to
lowest score. From Figure 32, Table 27 and Table 28 one can see that regardless
of the MR, the importance ranking of features follows a fairly uniform pattern.
It seems that from the third-ranked feature, i.e., “C: tloc", regardless of the MR,

3Link to methods description
4VST22_PMR-SourceCodeMetrics-E536/
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Table 27. Feature importance score absolute values I

MR A B C D E F G H I J

ADD 0.92 1.00 0.71 0.40 0.38 0.31 0.30 0.30 0.29 0.29
EXC 1.00 0.86 0.62 0.54 0.48 0.48 0.46 0.45 0.45 0.43
INC 1.00 0.81 0.53 0.48 0.46 0.45 0.44 0.43 0.43 0.42
MUL 1.00 0.72 0.67 0.41 0.33 0.32 0.30 0.28 0.27 0.26
PER 0.57 1.00 0.54 0.41 0.38 0.36 0.24 0.23 0.23 0.22
INV 1.00 0.68 0.56 0.41 0.35 0.32 0.31 0.30 0.29 0.28

AVG 0.91 0.85 0.60 0.44 0.40 0.37 0.34 0.33 0.33 0.32

AVG: Average, A: dataArg, B: CCN, C: tloc, D: sloc-whbl, E: sloc-statements
F: nloc-whbl, G: nloc, H: token-count, I: start-line, J: end-line

Table 28. Feature importance score absolute values II

MR K L M N O P Q R S T U

ADD 0.28 0.28 0.27 0.26 0.24 0.23 0.22 0.21 0.00 0.00 0.00
EXC 0.42 0.30 0.28 0.26 0.24 0.24 0.22 0.21 0.00 0.00 0.00
INC 0.41 0.33 0.28 0.25 0.22 0.21 0.20 0.16 0.00 0.00 0.00
MUL 0.26 0.25 0.25 0.24 0.23 0.23 0.21 0.15 0.00 0.00 0.00
PER 0.22 0.21 0.20 0.19 0.18 0.15 0.14 0.09 0.00 0.00 0.00
INV 0.27 0.26 0.25 0.22 0.21 0.20 0.19 0.18 0.00 0.00 0.00

AVG 0.31 0.27 0.25 0.24 0.22 0.21 0.20 0.17 0.00 0.00 0.00

K: numArg, L: numLoops,M: totalVar,N: numOper, O: numMethCall, P: hasReturn
Q: totalReturn, R: numOperands, S: returnDataType, T: ext, U: full-Parameters
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Figure 32. Feature importance score per MR

features are ranked in the same order. Moreover, for the last three features, i.e.,
“S: returnData Type", “T: ext", and “U: full-Parameters", the score is zero for all
MRs. Also, it is important to highlight that from the fourth feature for the MRs:
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MUL, PER, and INV, their scores are quite close to each other for the same fea-
tures. This happens also for the MRs: ADD, EXC, and INC, but from the eleventh
feature, i.e., “L: numLoop", onward. Regarding the top-3 features with the best
scores, the MRs: EXC, INC, MUL and INV follow the same pattern concerning
the order of the feature importance score, this is “A: dataArg", “B: CCN" and “C:
tloc". In MRs: ADD and PER, the order of importance differ because “B: CCN"
is the highest score instead of “A: dataArg". It could be said that this is the only
exception to the general ranking pattern we found.

Table 29. AUC-ROC and precision absolute values per MR using the top-ranked n fea-
tures in a RF classifier

Metric MR Top-ranked n features
Feat3 Feat6 Feat9 Feat12 Feat15 Feat18 Feat21

AUC⋆

ADD 0.620 0.590 0.620 0.886 0.620 0.590 0.590
EXC 0.629 0.593 0.583 0.833 0.589 0.623 0.666
INC 0.720 0.675 0.720 0.717 0.675 0.675 0.694
MUL 0.649 0.518 0.518 0.762 0.518 0.491 0.578
PER 0.763 0.725 0.725 0.747 0.725 0.641 0.747
INV 0.595 0.611 0.588 0.625 0.636 0.545 0.640

Prec±

ADD 0.627 0.613 0.640 0.767 0.740 0.729 0.769
EXC 0.667 0.651 0.693 0.866 0.667 0.688 0.614
INC 0.767 0.733 0.733 0.888 0.727 0.761 0.652
MUL 0.875 0.833 0.854 0.853 0.675 0.630 0.657
PER 0.625 0.761 0.805 0.814 0.625 0.625 0.625
INV 0.675 0.625 0.714 0.833 0.75 0.600 0.675

Feat: Feature, ⋆AUC: AUC-ROC, ±Prec: Precision

After ranking the features from highest to lowest according to their importance
score, we explored the gradual selection of best-ranked features. Also, we at-
tempted to discover the best subset in the reduced subject set using 10-fold cross-
validation and RF classifier. We started with a subset with the three best-ranked
features; then we augment the subset with the following three features, and so
on. In total, we evaluated seven subsets for each MR. Each time, the next three
highest-ranked features were added until reaching the total set of 21 features.

Table 29 shows the performance values obtained using the RF classifier in
terms of AUC-ROC and Precision when the classifier is trained with a different
feature subsets. In this analysis, we want to know which subset of features is
the best based on the AUC-ROC and Precision performance measures. AUC-
ROC indicates the extent to which the model can distinguish between classes.
The higher the AUC-ROC, the better the model will predict the positive class
as positive and the negative class as negative. In our context, the positive case
is the one when an MR applies to a method. Since we plan to use the PMR
approach for generating initial test cases for methods that are yet lacking tests, it
is more important that we avoid the occurrence false positives. A false positive
would result in generating tests based on a MR that actually is not applicable.
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The performance measure Precision is commonly used to assess the capability
of a binary classifier to predict the positive case correctly. Therefore, we are
particularly interested in this measure when comparing the performance of the
various classifiers we build.

With regards to AUC-ROC, Table 29 shows that three out of six MRs, i.e.,
ADD, EXC, and MUL, have the best results with the top-ranked 12 features, with
a difference greater than 0.2 to all other feature sets. For MRs INC and PER,
the highest values for AUC-ROC are achieved when the 3 top-ranked features are
used. However, the difference to the performance using 12 top-ranked features is
less than about 0.01. For MR INV, the best AUC-ROC score is when the complete
set of features is used. However, as for INC and PER, the difference with the
12 top-ranked features is rather small (0.015). Therefore, based on the AUC-
ROC measure, it seems to be reasonable to simply use the 12 top-ranked features
across the board for all MRs. With regards to Precision, Table 29 shows that
for four out of six MRs, i.e., EXC, INC, PER and INV, the best performance
is achieved with the 12 top-ranked features. The highest precision value for the
MR ADD is obtained when all 21 features are used. However, the difference
between 21 features and 12 top-ranked features is only 0.002, approximately. This
indicates that performance-based on precision does not vary significantly if the top
12 features are used.

In the next step, we explore the PMR approach using four different classifi-
cation models in addition to RF, i.e., DT, GNB, SVM and LG. Each classifier is
trained with the top-ranked 3 and 12 features, and the full set of 21 features. We
include the sets of 3 and 21 features in the analysis to double-check whether the
choice of 12-features is also the best for other classifiers than RF. We evaluate the
performance of each classifier using 10-fold cross-validation. Specifically, 70%
of the instances’ datasets are used for training in each fold, and the remaining
30% are used for testing. The prediction statistics (accuracy, precision, recall, F1
score, and AUC-ROC) are recorded for each fold. The average values of these
statistics for each classifier and each MR are listed in Table 30.

As expected, Table 30 confirms that using the 12 top-ranked features is almost
always the best choice across the board (best performance is printed in bold). In
those cases where 12 features don’t yield the best performance, the difference to
the best performing feature set is always less than 0.02.

To decide which classifier is the best for each MR, we relied on the values of
AUC-ROC and Precision when using classifiers based on 12 features.

For MR ADD, the highest average of AUC-ROC and Precision is achieved
when using GNB (average of 0.875 and 0.914).

For MR EXC, the highest average of AUC-ROC and Precision is achieved
when using RF (average of 0.833 and 0.866).

For MR INC, the highest average of AUC-ROC and Precision is achieved
when using RF (average of 0.717 and 0.888).

For MR MUL, the highest average of AUC-ROC and Precision is achieved
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Table 30. PMR performance metrics when using 3, 12, and 21 top-ranked features on RF,
DT, GNB, SVM, and LG classifiers

MR Clas⋆ Accuracy Precision Recall F1 score AUC-ROC
Feat3 Feat12 Feat21 Feat3 Feat12 Feat21 Feat3 Feat12 Feat21 Feat3 Feat12 Feat21 Feat3 Feat12 Feat21

ADD

RF 0.764 0.886 0.884 0.627 0.767 0.769 0.972 0.971 0.973 0.827 0.830 0.824 0.620 0.886 0.590
DT 0.787 0.800 0.680 0.769 0.812 0.725 0.750 0.833 0.666 0.692 0.727 0.656 0.757 0.816 0.698
GNB 0.809 0.833 0.726 0.805 0.914 0.695 0.780 0.833 0.726 0.796 0.823 0.769 0.771 0.875 0.667
SVM 0.740 0.803 0.620 0.754 0.833 0.675 0.729 0.838 0.620 0.747 0.835 0.659 0.753 0.833 0.673
LG 0.680 0.800 0.680 0.750 0.807 0.693 0.762 0.833 0.690 0.762 0.833 0.690 0.738 0.800 0.675

EXC

RF 0.725 0.800 0.650 0.667 0.866 0.614 0.833 1.000 0.666 0.733 0.800 0.666 0.629 0.833 0.666
DT 0.660 0.750 0.570 0.770 0.844 0.695 0.600 0.667 0.532 0.551 0.602 0.500 0.602 0.667 0.536
GNB 0.690 0.712 0.667 0.733 0.800 0.666 0.600 0.667 0.534 0.564 0.667 0.461 0.595 0.619 0.571
SVM 0.672 0.704 0.640 0.700 0.733 0.667 0.599 0.667 0.530 0.710 0.857 0.562 0.634 0.694 0.573
LG 0.662 0.657 0.667 0.735 0.844 0.625 0.628 0.665 0.590 0.621 0.671 0.571 0.610 0.696 0.523

INC

RF 0.765 0.900 0.630 0.767 0.888 0.652 0.778 0.890 0.666 0.808 0.888 0.727 0.720 0.717 0.694
DT 0.681 0.750 0.612 0.566 0.616 0.516 0.465 0.596 0.333 0.513 0.589 0.438 0.564 0.605 0.523
GNB 0.687 0.705 0.668 0.733 0.862 0.604 0.627 0.667 0.587 0.604 0.667 0.542 0.596 0.681 0.510
SVM 0.706 0.802 0.610 0.737 0.806 0.667 0.590 0.645 0.534 0.558 0.667 0.448 0.655 0.761 0.548
LG 0.657 0.701 0.613 0.648 0.695 0.601 0.633 0.668 0.597 0.452 0.571 0.333 0.560 0.690 0.429

MUL

RF 0.725 0.800 0.650 0.875 0.853 0.657 0.912 1.000 0.823 0.812 0.875 0.748 0.649 0.762 0.578
DT 0.662 0.703 0.620 0.749 0.802 0.695 0.828 0.833 0.822 0.776 0.833 0.719 0.721 0.791 0.651
GNB 0.680 0.700 0.660 0.755 0.834 0.675 0.899 0.940 0.857 0.803 0.823 0.782 0.575 0.625 0.524
SVM 0.707 0.804 0.610 0.792 0.850 0.733 0.845 0.857 0.833 0.742 0.857 0.626 0.726 0.761 0.690
LG 0.741 0.801 0.680 0.772 0.875 0.669 0.840 0.857 0.823 0.817 0.875 0.759 0.792 0.833 0.750

PER

RF 0.715 0.810 0.620 0.625 0.814 0.675 0.639 0.712 0.566 0.726 0.789 0.662 0.763 0.725 0.747
DT 0.708 0.750 0.666 0.846 0.914 0.777 0.721 0.775 0.666 0.717 0.857 0.576 0.809 0.857 0.761
GNB 0.623 0.700 0.545 0.725 0.828 0.622 0.500 0.666 0.333 0.589 0.727 0.450 0.604 0.642 0.566
SVM 0.875 0.910 0.840 0.837 0.875 0.799 0.709 0.750 0.667 0.698 0.729 0.667 0.793 0.825 0.761
LG 0.765 0.830 0.700 0.803 0.822 0.783 0.688 0.709 0.667 0.720 0.750 0.690 0.745 0.795 0.694

INV

RF 0.655 0.702 0.608 0.675 0.833 0.675 0.788 0.857 0.719 0.776 0.800 0.751 0.595 0.625 0.640
DT 0.762 0.800 0.600 0.703 0.844 0.563 0.762 0.857 0.667 0.691 0.714 0.667 0.604 0.667 0.541
GNB 0.661 0.701 0.620 0.659 0.833 0.484 0.759 0.857 0.660 0.787 0.823 0.750 0.568 0.625 0.511
SVM 0.776 0.802 0.750 0.768 0.844 0.692 0.799 0.833 0.764 0.813 0.857 0.769 0.762 0.857 0.667
LG 0.768 0.860 0.676 0.728 0.761 0.695 0.794 0.857 0.731 0.767 0.857 0.676 0.714 0.762 0.667

⋆Classifier

when using LG (average of 0.833 and 0.875).
For MR PER, the highest average of AUC-ROC and Precision is achieved

when using DT (average of 0.857 and 0.914).
For MR INV, the highest average of AUC-ROC and Precision is achieved when

using SVM with linear kernel (average of 0.857 and 0.844).
In summary, the results show that there is not one best classifier. RF is best for

two MRs and each of the other classifiers is best for exactly one MR.

With regards to RQ1, our results indicate that we achieve almost always a
performance greater than 0.8 in terms of AUC-ROC and Precision when
predicting MRs using source code based features (the one exception is the
case of AUC-ROC for MR INC). The best results are obtained with only
12 features out of 21. However, there is not one single best classifier for all
MRs. With regards to Precision, each classifier is best for one MR at least
once. With regards to AUC-ROC, with the exception of DT, each classifier
is best for one MR at least once.
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B.2.2. RQ2: Does PMR performance improve when using source
code based features instead of CFG-based features?

The left-hand side of Table 31 shows the AUC-ROC values obtained when SVM
models are trained with three feature extraction approaches, i.e., node and path
features (NF-PF), graphlet kernel (GK), and random walk kernel (RWK), as re-
ported by Kanewala et al. [29]. The features used in these classifiers are CFG-
related. Since precision has not been reported by Kanewala et al., we must base
our comparison exclusively on the AUC-ROC measure. Also, Kanewala et al. do
not report results from other models but SVM. The right-hand side of Table 31
shows the AUC-ROC values for the five classifiers using 12 top-ranked source
code based features. The highest AUC-ROC values for each MR are printed in
bold font.
Table 31. Comparison between AUC-ROC values per MR obtained by Kanewala et
al. [29] using SVM with CFG-related features (NF-PF, GK and RWK), and AUC-ROC
values obtained when using RF, DT, GNB and LG, with the 12 top-ranked source code
based features.

MR
Kanewala et al. [29] 12 top-ranked source code based feat.

NF-PF GK RWK
SVM SVM SVM SVM RF DT GNB LG

ADD 0.81 0.83 0.92 0.83 0.89 0.82 0.88 0.80
EXC 0.78 0.78 0.90 0.69 0.83 0.67 0.62 0.70
INC 0.84 0.88 0.89 0.76 0.72 0.61 0.68 0.69
MUL 0.73 0.78 0.83 0.76 0.76 0.79 0.63 0.83
PER 0.93 0.91 0.95 0.83 0.76 0.86 0.64 0.80
INV 0.84 0.68 0.76 0.86 0.64 0.67 0.63 0.76

Feat: Feature, ⋆AUC: AUC-ROC, ±Prec: Precision

The comparison between Kanewala et al. and our models shows that in five
out of six cases Kanewala et al.’s RWK-SVM model is performing best. Only
for MR INV our SVM model using 12 top-ranked source code based features and
linear kernel is performing best. For MR MUL, our LG classifier achieves a tie.
However, considering that the extraction of features from CFGs is more expensive
than building classifiers directly from the source code (i.e., without first having to
construct CFGs from the source code and then analyse them), our classifiers might
still be acceptable if their performance is not much lower than that of Kanewala et
al.’s best classifier. From Figure 33 (which plots the values presented in Table 31),
one can see that not only for MR INV one of our classifiers performs best but
also for all other MRs one of our classifiers has a performance close to that of
Kanewala et al.’s best classifier.
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Figure 33. Comparison of the AUC-ROC results obtained by Kanewala et al. [29] us-
ing node- path-based features (NF-PF), Graphlet Kernel (GK) and Random Walk Kernel
(RWK) in SVMs, and the AUC-ROC results obtained in this work using the source code
Metrics (SM) in SVM, RF, DT, GNB, and LG

Regarding RQ2, our results indicate that classifiers using source code based
features most of the time cannot achieve better performance in terms of
AUC-ROC. SVM classifiers using CFG-based features and the RWK are
best for five out of six MRs. Only for INV, the SVM classifier using twelve
source code based features (and the default linear kernel) is better than the
SVM classifier with RWK proposed by Kanewala et al. [29]. However,
the performance of classifiers using source code based features is not dra-
matically worse than that of the best classifier using CFG-based features.
Since source code based features are much cheaper to extract, this might
outweigh the small loss of performance.

B.2.3. Threats to Validity

We now discuss the four most relevant threats to validity of our study.
Internal validity. Since Kanewala et al.’s original study only reported the per-

formance of their classifiers only in terms of AUC-ROC, we had to base our
comparison on that measure although, for our intended application of the PMR
approach, precision would be the more appropriate measure. In addition, more
studies are needed to investigate how it affects the overall performance of PMR
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when the same method is implemented differently, as this would directly affect
feature extraction in both the original study and our modelling approach.

External validity. For the sake of fair comparison, our study uses the same set
of methods as the original study but uses the source code of the method instead of
its CFG representation. However, it would have been preferable to use a corpus of
source code consisting of a greater number of methods. Consequently, both our
study and the original one cannot determine the true extent of the efficacy of the
PMR approach.

Construct validity. We used the SCmine framework to extract the source code
metrics (features) at method level. SCminer is an open-source tool that uses third-
party libraries. Usage of these third-party libraries represents potential threats to
construct validity. To avoid this, we verified that the results produced by SCminer
are correct by manually inspecting randomly selected outputs produced by the
tool.

Conclusion validity. We used AUC-ROC and presicion value for evaluating
the performance of the classifiers. We considered AUC-ROC and Presicion >
0.80 as a good classifier. This is consistent with most of the ML literature.

B.3. Conclusion

We evaluate the performance of PMR using features related to the source code.
We start by extracting 21 metrics related to the source code as features. Next,
we perform features importance analysis using RF classifiers. After selecting the
best set of features, we evaluate them in five different classifiers to find out which
is the best in terms of AUC-ROC and Precision. Finally, to see if source code-
related features improve PMR performance when using CFG-related features; we
compared the AUC-ROC results obtained by Kanewala et al. [29] with our own
results. In summary, a total of 21 characteristics and 5 classification algorithms
are evaluated in this study. All classifiers are carefully evaluated using 10-time
cross-validation; To evaluate the performance of our PMT implementation, 5 per-
formance metrics are recorded (per fold) and then averaged. Our results show that
PMR can achieve results greater than 0.8 in terms of precision when predicting
MRs using features based on the source code. The best results are obtained with
only 12 features out of 21. However, there is no single best classifier for all MRs.
Also, classifiers that use source-based features most of the time cannot perform
better in terms of AUC-ROC. For this particular performance metric, the use of
CFG-related functions in particular RWK is better than ours four out of six times
and ties once.
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SISUKOKKUVÕTE

Metamorfsete seoste klassifitseerimine, täiustamine ja
järjestamine

Tarkvara testimine on oluline osa tarkvaraarenduse protsessist, mille eesmärgiks
on tagada, et lõplik tarkvaratoode töötab ootuspäraselt. Tarkvara testimine on aga
sageli aeganõudev, ressursimahukas ja keeruline, eriti suurte süsteemide puhul.
Vaatamata edusammudele testimise automatiseerimises jäävad selle käigus pü-
sima kaks suurt väljakutset: tõhusate testandmete genereerimine ja testandmete-
le vastavate väljundite korrektne määramine. Viimane on tuntud kui testioraakli
probleem. Testioraakli probleem tekib, kui testitaval tarkvaral puudub oraakel.
Testioraakli probleemi lahendamist on küll palju uuritud ning kuigi mudelipõhise
testimise abil on saavutatud mõningaid edusamme, on probleem veel suures osas
lahenduseta.

Metamorfne testimine on tarkvara testimise meetod, mille eesmärgiks on tes-
tioraakli probleemi leevendamine. Erinevalt traditsioonilistest testimistehnikatest,
mis keskenduvad vaid üksikute sisend-väljund kombinatsioonide kontrollimisele
tarkvaras, analüüsib metamorfne testimine seoseid sisend-väljund paaride vahel
tarkvara järjestikustel käivitamistel. Selliseid seoseid sisendite ja väljundite va-
hel nimetatakse metamorfseteks seosteks. Metamorfsed seosed määravad, kuidas
tarkvara väljundid peaksid muutuma vastavalt muutustele mis tehakse tarkvarale
antud konkreetsetes sisendites. Kui vähemalt ühe kehtiva testisisendi puhul me-
tamorfset seost rikutakse, viitab see suurele tõenäosusele, et testitav tarkvara si-
saldab viga. Siiski ei tähenda seoste rikkumiste puudumine, et testitav tarkvara
on veatu. Metamorfse testimise tõhusus sõltub suuresti selleks kasutatavate meta-
morfsete seoste kvaliteedist. Hea metamorfne seos ei määra õigesti vaid sisendi ja
väljundi seoseid kehtivas sisendite ruumis, vaid peab suutma tuvastama ka tark-
vara koodis tehtud vigadest tulenevaid valesid programmikäitumisi.

Efektiivsete metamorfsete seoste genereerimine ei ole lihtne ning nende loo-
mise viisid jagunevad kahte kategooriasse: semantiliselt ja süntaktiliselt korrekt-
sed. Semantiliselt korrektsed metamorfsed seosed nõuavad põhjalikku arusaamist
testitava tarkvara käitumisest, mis saadakse enamasti tarkvara dokumentatsioo-
ni ja ekspertteadmiste põhjal. Viimased luuakse harilikult käsitsi, mis on aja-
kulukas ja nõuab valdkonna kohta põhjalikke teadmisi. Süntaktiliselt korrektsed
metamorfsed seosed keskenduvad aga sellele, et seos vastaks testitava tarkvara
sisend-väljund struktuurile. Need seosed luuakse sageli automatiseeritud meeto-
ditega, kasutades selleks etteantud mustreid või üldiseid metamorfseid seoseid,
mis on mitmetes süsteemides rakendatavad. Kuid isegi nende lähenemisviisidega
on tõhusate metamorfsete seoste valimine ja klassifitseerimine endiselt keeruline.
Metamorfsete seoste klassifitseerimise automatiseerimiseks on välja pakutud mit-
meid meetodeid nagu näiteks ennustatavate metamorfsete seoste (En. Predicting
Metamorphic Relations, PMR) meetod. PMR klassifitseerib metamorfseteid seo-
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seid masinõppe abil koodistruktuuri põhjal, kasutades programmi juhtvoograafi
või selle lähtekoodi.

Kuigi eelmainitud meetodid on andnud paljulubavaid tulemusi, seisavad need
silmitsi mitmete piirangutega. Esiteks tuginevad need meetodid binaarsetele klas-
sifikaatoritele, mis vajavad õppimiseks eelmärgendatud andmekogumeid. Mär-
gendatud andmekogumid ei pruugi aga alati kättesaadavad olla ning nende han-
kimine võib osutuda aeganõudvaks. Teiseks põhineb mudeli treenimiseks vaja-
like tunnuste eraldamise protsess juhtvoograafi või lähtekoodi mõõdikutel, mis
ei pruugi arvestada koodi refaktoreerimistega. See piirang võib mõjutada PMR
meetodi täpsust, kuna refaktoreerimine võib muuta koodi struktuuri ja seeläbi ka
metamorfsete seoste rakendatavust. Lõpuks ei pruugi PMR-i binaarne väljund ar-
vestada testandmetega ja nende mõjuga metamorfsete seoste rakendatavusele. See
piirang tähendab, et PMR ei arvesta võimalusega, et metamorfne seos võib kehtida
ainult teatud TD-de puhul, millel on spetsiifilised omadused. See võib omakorda
põhjustada valepositiivseid või valenegatiivseid tulemusi seoste valikul. Nende
väljakutsete tõttu on selle lõputöö eesmärk tutvustada uusi meetodeid metamorf-
sete seoste klassifitseerimiseks, täiustamiseks ja hindamiseks, et parandada meta-
morfse testimise tõhusust ja tulemuslikkust.

Lõputöö panused jagunevad kolmeks. Esimene panus, MetaTrimmer, tutvus-
tab uut testandmetel põhinevat meetodit metamorfsete seoste klassifitseerimiseks.
Erinevalt traditsioonilistest koodistruktuuril põhinevatest klassifitseerimismeeto-
ditest hindab MetaTrimmer dünaamiliselt metamorfsete seoste käitumist prog-
rammi erinevate sisendite korral. Jättes kõrvale eelduse, et metamorfne seos kehtib
universaalselt, tuvastab MetaTrimmer konkreetsed testandmete alamhulgad, mille
puhul metamorfne seos kehtib ning võimaldab seega täpsemat klassifitseerimist.
Teine panus, MetaTrimmer+, laiendab metamorfsete seoste analüüsi ning tuvas-
tab testandmetes mustreid eesmärgiga täiustada segajuhtumites kasutatavaid me-
tamorfseid seoseid .Segajuhtumites võivad metamorfsed seosed sõltuvalt sisendist
näidata nii rikkumisi kui ka mitterikkumisi

MetaTrimmer+ kasutab kombinatsiooni käsitsi ülevaatusest ja assotsiatsioo-
nireeglite kaevandamisesest, et tuletada sisendite ruumist mustreid ja selgitada,
millal käituvad seosed kas alati rikkumatult või alati rikutuna. See suurendab me-
tamorfsete seoste kasutatavust segajuhtumite puhul, võimaldades neid rakendada
nii positiivsete kui ka negatiivsete testjuhtumitena, mis omakorda laiendab tes-
tikomplekti ja parandab selle tõhusust. Kolmas panus keskendub metamorfsete
seoste tugevuse hindamisele nende veatuvastusvõime alusel. Integreerides MetaT-
rimmeri mutatsioonitestimisega, tutvustab lõputöö meetodit metamorfsete seoste
järjestamiseks nende vigade leidmise tõhususe põhjal. See võimaldab testijatel
prioriseerida kõige tõhusamad seosed, mis aitab testkomplekti optimeerida nii, et
testikomplekti suurus vähenebilma veatuvastusvõimet ohverdamata. Meetodeid
rakendati edukalt tööstuslikus juhtumiuuringus, mis tõestas nende praktilist väär-
tust, kuigi mutatsioonitestimise arvutuslik maksumus ja sõltuvus mitmekesistest
testsisenditest jäid siiski väljakutseteks.
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