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Abstract

Mutation testing has long been used as a powerful testing technique to evaluate the test suite quality as
well as to analyse the program under test. However, it still has issues of scalability and applicability due
to the high cost of running tests against mutants. To improve its efficacy even on large programs, this
dissertation explores mutant’s relationship with code, faults, and patches that have not been explored
much but are likely to be useful. First, we investigate the mutant’s relationship with code to assist
predicting the kill of a mutant without running the tests. By exploring the natural language channel of
the code around the mutant, we build a deep neural network to learn and predict the mutant’s killability.
Second, we explore the mutant’s relationship with the faults to localise the faults. We propose several
statistical inference techniques that can learn the mutant-fault relationships in advance, in terms of
their similarity of test executions. Lastly, we investigate the mutant’s relationship with the patches.
We hypothesise that the mutants (faults) and patches do not syntactically differ from each other and
conduct various empirical studies to show how much they are similar. Our empirical results suggest that

exploiting those relationships makes mutation analysis more viable and effective.

Keywords Mutation testing, mutation analysis, software testing, software engineering
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Chapter 1. Introduction

Mutation testing is a powerful testing technique to evaluate quality and capability to detect a fault
of a given test suite in a program [1]. It generates a number of program variants called mutants by using
several syntactic change operators (i.e., mutation operators). Based on the mutants and their interactions
with the test executions, mutation testing produces a comprehensive measurement of test effectiveness
called mutation score. It is computed as the ratio of the number of detected (i.e., killed) mutants to
the total mutants. The underlying assumption of mutation testing is based on a coupling effect [2]: its
simple syntactic mutants can represent complex real faults, in other words, if the test suite can detect the
mutants, it can also detect the real faults. This means that even if we do not have any clue about how
many of the real faults there will be in the program, the mutation testing allows us to pre-evaluate the
test suite and thus prevent unknown faults. On the coupling effect, a lot of previous work has provided
empirical evidence, endorsing the use of mutation testing as a proxy of the test effectiveness [2, 3].

From the beginning of its introduction, however, mutation testing has been criticized for the high
costs of running the tests against all generated mutants, which is usually infeasible for large programs [1].
Several previous work has proposed to overcome this scalability issue by using random sampling of the
mutants [4] or higher-order mutants [5]. These can reduce the number of mutants and test executions,
but still they are not suitable for large systems like Google’s on which more than ten million test execu-
tions take place everyday [3]. Another recent work utilises Continuous Integration (CI) [6]: Predictive
Mutation Testing (PMT) [7, 8, 9] aims to predict mutation testing results without mutant executions by
learning static and dynamic features of mutants from earlier version of the project.

Despite the recent advances, this issue in mutation testing remains unsolved. Moreover, the problem
becomes even severer when the mutation testing is conducted in a test-case level, which we call a mutation
analysis throughout this thesis. The test-suite level mutation testing is typically for computing the
mutation score (i.e., how many mutants are detected by entire test suite), which can early stop the test
executions once a mutant is killed by any test case. In contrast, the mutation analysis in a test-case
level is to analyse which test case can detect which mutant, so it has to execute all test cases against all
mutants. In addition to the original use case of mutation testing, mutation analysis can provide detailed
dynamic information between each pair of test and mutant, which can be used in various applications
such as fault localisation [10, 4] and automated program repair [11, 12].

This thesis aims at widening the applicability and scalability of mutation analysis by exploiting the
mutant’s relationship to code, faults, and patches, since we posit that much of the mutant’s utility have
not been exposed yet despite having a potential to provide valuable insight into the mutation analysis.
We first investigate mutant’s relationship with code by exploring Natural Language (NL) channel [13]
of mutants to design static features used to predict the results of mutation analysis. Under the CI
context, we build and train a deep model that learns those features collected from the previous versions
of the program, and then use the model to predict the entire kill matrix that shows which test cases kill
which mutants. Second, in order to localise the faults using mutants, we exploit the mutant’s ability
to represent the faults and relate to the tests. Based on the mutation analysis on the past version of
the program, we train a model that learns the relationship between mutants and tests, and use it to
predict the faults in the current version of the program. Lastly, we explore mutant’s relationship with the

patches to expand the efficacy of mutants: despite its original design principle of being artificial faults,



we hypothesise that the mutants can act as the patches that help repairing the faults. Our empirical
study using real-world faults and well-known mutation tools shows that 1) looking at the mutants’ NL
channel is helpful to learn and predict the results of mutation analysis; 2) even the mutants in the past
version of the program can be effectively exploited to localise the faults in the future; 3) the faults (i.e.,
mutants) and patches have syntactic similarities, which opens the possibility of using both of them to
learn either fix or bug-inducing patterns.

In the following three sections, we introduce the previous work that form a basis of this work. Then,

we present overview of this thesis and overall organisation.

1.1 Predictive Mutation Testing

For several decades, various techniques have been proposed to reduce the high costs of mutation
testing [14, 15, 16]. One such technique is to reduce the number of mutation operators [14] and the
number of mutants by removing redundant (e.g., subsumed) ones [17], or accelerate the execution of the
tests against the mutants [16, 18], or change the definition of killing mutants to be more relaxed [19].

Recently, Predictive Mutation Testing (PMT) [7] has been proposed to tackle the same problem but
in a different way. PMT aims at predicting the results of mutation testing using the static and dynamic
features of mutants designed based on PIE theory [8]. It does not require any test executions against
mutants, but instead uses the coverage information of the tests to learn and predict the detection of
the given mutant by the test suite. For example, the two most important dynamic features of PMT are
numTestCovered and numFEzecuteCovered. Given a mutant to be predicted, PMT computes the former
feature by counting the tests that cover the mutated statement, and the latter by counting the times of
the mutated statement being executed by the tests. PMT’s hypothesis is that the higher those features
are, the more likely the mutant is to be killed. The empirical study of PMT using 163 real-world softwares
shows that the predictive model trained with its features achieves 0.80 of ROC-AUC and improves the
efficiency of mutation testing by up to 151x.

Although the predictive models of PMT have performed well, their features are limited to the
structural static features and test-suite level dynamic features. In this thesis, we assume that those
features can be less effective at predicting the results of mutation analysis, which is more fine-grained

predictions in the test-case level.

1.2 Mutation Based Fault Localisation

Fault Localisation (FL) is a problem of finding the cause of the faults in the Program Under Test
(PUT). As FL is often considered a bothersome and time-consuming job by the developers, many auto-
mated techniques have been proposed [20]. One promising technique is Spectrum-based Fault Localisa-
tion (SBFL). SBFL is a simple yet effective automated technique in that it only uses coverage information
to compute spectra of faulty statement [21, 22]. Mutation Based Fault Localisation (MBFL) [1] is an-
other renowned FL technique based on the mutants. Leveraging the mutants’ representability of the
real faults, MBFL relates the location of mutants and faults and finds the similarities of test executions
of both [4, 10, 23]. Compared to SBFL, MBFL requires more resources to collect test executions per
mutant, but it has been shown to be more effective than SBFL [10]. For example, given failing test
cases that reveal the faults, Metallaxis [4] seeds mutants and collects kill results of each test on the

mutants. Then, it uses them like a spectrum of SBFL techniques to rank the statements based on their



suspiciousness scores. MUSE [10] utilises the changes of test results against the mutated statements:
mutating faulty statements would lead to making the failing tests pass, and vice versa for non-faulty
statements. It then uses the changes of test results to rank the statements by their scores.

While such MBFL techniques have demonstrated that mutants can be used to localise the faults,
they still have the same problem with the mutation testing: they should inject the mutants and run the

tests after the faults are observed, which might hinder the practical application of MBFL.

1.3 Duality of Mutation Testing

Weimer et al. [24] were the first to introduce a duality of mutation testing with respect to generate-
and-validate automated program repair (G&V APR) [25], i.e., they regarded the mutants as candidate
patches to repair the faults. They examined the basic hypothesis of the mutation testing, i.e., competent
programmer hypothesis [11] and coupling effect, and phrased them in the context of program repair. For
example, the competent programmer hypothesis states that developers tend to write correct programs
but sometimes make simple and syntactic mistakes. APR can be designed to repair such mistakes by
generating simple patches. Also, considering the coupling effect, it can be designed to build small patches
that represent a high percentage of real-world complex patches.

Furthermore, their formulation of the duality between mutation testing and APR suggests several
dualities of existing optimisation techniques used in mutation testing. Mutation testing immediately
stops the test executions when a mutant is killed by one of them, and similarly, APR immediately
stops when one of the candidate patches passes the tests. APR’s use of a limited set of fix-patterns or
repair operators is dual of selective mutation [26]. Typically many APR techniques adopt various repair
operators to form a patch, and similarly, higher-order mutants are known to be hard to be killed and
able to represent many first-order mutants [27].

However, the duality between mutation testing and APR that Weimer et al. [24] suggested is confined
to the techniques themselves, i.e., it does not look deeper into the duality of mutants and patches that
are the outputs of the techniques. If we find some evidence of such duality, we can bridge two seemingly
opposite concepts and broaden the fault or patch datasets used for static bug finding or pattern-based

program repair.

1.4 Overview of Thesis

This thesis aims to widen the applicability and scalability of mutation testing by exploiting mutant’s

relationship with code, faults, and patches. It is organised as follows.

1.4.1 Mutant’s Relationship with Code (Chapter 2)

This chapter investigates NL channel in source code near the mutants to predict the killability of
mutants without test executions against them. We design several static features based on NL channel
such as the mutated statement, test and source method name which the mutants are related to or located
in. They are collected in the past version of the program, which amortises the costs of actual mutation
analysis. Then, they are preprocessed to be fed into our new model, named Seshat, and used to learn
to make test-case level predictions for mutation analysis of the current version of the program. The

empirical study with two mutation tools, PIT [28] and Major [29], and real-world faults in DEFECTS4J



shows that faster mutation analysis can be achieved with average F-score of 0.83 in predicting the kill

matrix for the versions that are up to years apart.

1.4.2 Mutant’s Relationship with Faults (Chapter 3)

This chapter introduces a new MBFL technique, named SIMFL, that exploits the mutant’s relation-
ship with the real faults for better fault localisation. This has been exploited in other MBFL techniques
but our approach utilises different information source from the past codebase (i.e., CI context) to over-
come the scalability issues in MBFL techniques. Based on the Bayesian inference, probabilistic coupling,
and Multi-Layer Perceptron, we build various statistical inference models that learn the relationship
between the locations of mutants and faults. Those relationships are based on the similar patterns of
test executions between them: for example, if the faults are only killed by t1 then we related them
with the mutants only killed by t1. We then train the statistical model to predict the location of the
faults, which can amortise the costs of running tests after faults are observed. The empirical study with
real-world faults in DEFECTS4J shows that the proposed models can locate 113 faults on the top out
of 224 and outperform the state-of-the-art MBFL techniques. Moreover, We observe that the subsumed
mutants disturb and inflate the method-level aggregation of FL scores by SIMFL. As a result, eliminating
them significantly improves the effectiveness of SIMFL. Lastly, we investigate a hybridisation of SIMFL
and Seshat, which is to use the predicted kill matrix by Seshat for SIMFL to enable a realistic scenario
that is not dependent on pre-existence of failing tests. Even if we simulate SIMFL on the predicted kill

matrix, it still localises 95 faults on the top out of 194 faults, supporting its practical applicability.

1.4.3 Mutant’s Relationship with Patches (Chapter 4)

This chapter explores the mutant’s relationship with the patches. The mutants (faults) and patches
have been considered two opposed concepts, either trying to find realistic bugs to simulate and prevent
future defects, or to automatically generate realistic patches to help developers. Despite the fundamental
differences between them, however, we hypothesise that they do not syntactically differ from each other
when considered simply as code changes. A large scale empirical evaluation reveals that up to 70%
of patches and faults can be clustered together based on the similarity between their lexical patterns;
further, 44% of the code changes can be abstracted into the identical change patterns. Moreover, we
investigate whether code mutation tools can be used as Automated Program Repair (APR) tools, and
APR tools as code mutation tools. In both cases, the inverted use of mutation and APR tools can
perform surprisingly well, or even better, when compared to their original, intended uses. For example,
89% of patches found by SequenceR, a deep learning based APR tool, can also be found by its inversion,
i.e., a model trained with faults and not patches. Similarly, real fault coupling study of mutants reveals
that TBar, a template based APR tool, can generate 14% and 3% more fault couplings than traditional
mutation tools, PIT and Major respectively, when used as a mutation tool. Our findings suggest that the

valid scope of mining code changes for either mutation or APR can be wider than previously thought.

1.4.4 Conclusion (Chapter 5)

This chapter concludes the thesis and propose a summary of future directions of this work.



Chapter 2. Mutant’s Relationship with Code

This chapter explores the mutant’s relationship with code by using the natural language channel
in the source and test code related to the mutants. We design several static features based on it and
feed them into the deep neural network to predict the test-case level mutation results. In addition to
test-suite level predictions by Predictive Mutation Testing (PMT), we try more fine-grained predictions
that can be used to guide the test case generation or patch generation. We collect the features from the
previous codebase that is obtained more than a year ago. Then we train the model that learns from
them, which later predicts the mutation results of the current version of the program. An empirical
evaluation on 37 subjects in DEFECTS4J and two Java mutation tools shows that our model successfully
learns to predict the test-case level mutation results, suggesting that the natural language channel can

be a useful source of information to predict the mutant’s killability.

2.1 Introduction

A long standing issue in a mutation analysis is its limited scalability [1]. As the size of the System
Under Test (SUT) grows, the number of generated mutants also increases significantly. Each mutant
then has to be compiled, and executed, to check whether it is killed (i.e., detected as behaving differ-
ently) by any of the existing test cases, resulting in a significant, sometimes infeasible, amount of cost.
Many different approaches have been proposed to improve the scalability of mutation testing, but they
either require more complicated program instrumentation to detect internal state deviation instead of
propagated external behaviour (weak mutation [30, 19]), need more sophisticated code mutation that
combines multiple mutants into a single compilation (meta-mutation [31]), or simply discard some mu-
tants (mutant sampling [32, 33]). In many of these approaches, the improvement in scalability is linearly
bound to the number of mutants (not) analysed.

Recently, Predictive Mutation Testing (PMT) has been proposed to attack the scalability issue in
mutation testing from a very different angle [7, 8]. Instead of reducing the number of mutants to analyse,
PMT collects test suite level dynamic features that are highly relevant to whether a mutant can be killed
or not (such as the number of tests that cover the mutated statement, or the number of times the mutated
statement is executed by the test suite), and performs statistical inference about the probability of the
mutant being killed by the given test suite. Given sufficient preceding mutation testing results, PMT
trains a model that can predict whether a mutant will be killed by a test suite. While PMT can achieve
cost saving that is not linearly bound to the number of mutants considered, its limitation is the fact
that it can only make a test suite level prediction, which is sufficient to predict the mutation score (i.e.,
the ratio of killed mutants to the generated mutants) but not the relationship between a mutant and a
single test case.

This chapter proposes Seshat!, a predictive model for the relationship between mutants and individ-
ual test cases. Compared to PMT, Seshat can predict the entire kill matrix? that results from mutation

analysis. We refer to this new type of predictive modelling as Predictive Mutation Analysis (PMA), to

ISeshat is an Egyptian deity responsible for writing and record keeping.
2Given m mutants and n test cases, a kill matrix M is an m-by-n matrix, where a;j is 1 if the mutant m; is killed by

the test ¢;, and 0 otherwise.



emphasise the finer granularity of the prediction, as opposed to PMT, whose outcome is the test suite
level mutation analysis.

Seshat exploits the Natural Language (NL) channel in software [13]. Natural Language channel
refers to the communication channel that explains the conceptual contexts of the actual executions
via natural language elements in source code, such as identifier names. In comparison, the traditional
mutation analysis depends on the Algorithmic (AL) channel, via which the semantics of the program
(and, naturally, its mutant) is actually computed. The existence of NL channel as a human to human
communication medium has been known for a long time [34], but recent advances in the application of
language models to source code have revealed that the NL channel can be a rich source of information
for various automated tasks, such as code completion [35] or fault localisation [36].

Consider a test case whose name contains domain specific terms, such as testAccountBalance. We
posit that this test case has a much higher chance of killing any mutants that are generated within the
scope of a method named getAccountBalance () than another method named updateEmailAddress (int
userID, String emailAddress). Given a kill matrix that has been obtained from actual mutation
analysis, Seshat can learn the relationship through the similarity between the names of each test case
and the mutants it can kill. Since the relationship is learnt in the NL channel, it can later be used to
predict the relationship between unseen test cases and mutants, without any execution.

In addition to names, we extract the syntactic and semantic concepts in source code and test cases,
using Deep Neural Network (DNN) with the word embedding layers and the bidirectional GRUs [37].
We include the change caused by the mutation, and the type of mutation, as features of our model.
Under the cross-version scenario, we evaluate Seshat using different versions of subject programs in the
DerecTs4J benchmark and two mutation tools PIT [28] and Major [29]. Although Seshat solely depends
on the static features, the results show that Seshat can predict kill matrices with up to F-score of 0.94
and outperforms PMT and a coverage based baseline model. Notably, Seshat does more than simply
memorising the relationship between test cases and mutant locations, as it shows an average prediction
F-score of 0.78 for newly added test cases. Compared to generating full kill matrix by executing all
individual tests against mutants, the prediction by Seshat is orders of magnitude faster: encouragingly,
the bigger the target program is, the higher the speed-up becomes. The contributions of this chapter are

as follows:

e We introduce Seshat, a Predictive Mutation Analysis (PMA) technique that can predict full kill

matrices for unseen mutants and test cases.

e We formulate predictive modelling of mutation analysis as a machine learning problem in the Natural
Language (NL) channel in source code. To our knowledge, this is the first attempt to analyse mutation

results using the NL channel.

e We conduct a large scale evaluation of Seshat using multiple versions of real world Java projects in
the DEFECTS4J benchmark, and two widely-used mutation tools. Seshat achieves F-score of 0.83 on
average, between versions that are years apart. Moreover, Seshat outperforms an existing Predictive
Mutation Testing (PMT) technique with finer granularity of the prediction and shows comparable

results with PMT when it is used to predict the mutation scores.

e We evaluate whether Seshat can be applied to automatically generated test cases. Our experimen-

tation with EvoSuite suggests that, as long as a meaningful naming convention is upheld during the



generation of the test cases, Seshat can exploit the information in the same way and predict kill

matrices of EvoSuite generated test suites with F-score of up to 0.86.

2.2 Seshat: Predictive Mutation Analysis using NL Channel

This section describes how we formulate prediction of the relationship between mutants and test
cases via Natural Language (NL) channel. It also presents our model architecture for prediction of kill

matrices.

2.2.1 Looking at Mutation through Natural Language Channel

The essential steps of mutation analysis are as follows. First, we mutate the target program using
syntactic transformations, i.e., mutation operators. Second, we execute the available test cases against
the mutated program. Finally, we check whether the mutant is killed, i.e., whether the program behaves
differently when mutated and executed by the given test cases. The details of these steps are captured
by the PIE theory [38]: for a test case to kill a mutant, it should first Execute the mutant; the execution
should result in an Infected internal state, which should be Propagated to the observable output.

All three stages of PIE take place in what Casalnuovo et al. call Algorithm (AL) channel, as opposed
to Natural Language (NL) channel [13]; in the source code, the AL channel represents the computational
semantics and executions, whereas the NL channel represents the identifiers and comments that assist
human comprehension. Most of the existing analyses operate within the AL channel that dictates whether
PIE conditions are satisfied or not, while the NL channel has not been considered as an important factor.

An interesting recent advance, Predictive Mutation Testing (PMT), aims to build a predictive model
using the features based on the PIE theory [7, 8]. The two dynamic features, which are known to be
the most important features in PMT, are related to the test execution: numTestCovered (the number
of tests in the whole test suite covering the mutated statement) and numEzecuteCovered (the number
of times the mutated statement is executed by the whole test suite). The higher these dynamic feature
values are, the more likely it is that the PIE conditions are met. We note that these dynamic features
are essentially statistical aggregation within the AL channel, and also that the static features in PMT
all concern structural properties of the code that exist in the AL channel.

We propose to reconstruct the results of mutation analysis in the NL channel. Intuitively, the
prediction made by PMT using the AL channel is that “if a mutant is executed frequently by many
different test cases, it is more likely to be killed”. Here, the code coverage is used as a surrogate measure
of proximity by computational semantics, as is often the case in regression testing optimisation [39]. Our
parallel intuition is as follows: “if the properties of a mutant are syntactically/semantically similar, or

closely related to, those of a given test case, it is more likely to be killed by the test case.”

2.2.2 Predictive Mutation Analysis

A clear benefit of using the NL channel is that we can make predictions about a single mutant and
a single test case. On the contrary, PMT depends on the aggregation of the features over the entire test
cases and the satisfaction of the PIE conditions. We hypothesize that this will hinder making accurate
predictions for a single test case. However, the prediction within the NL channel can be made by learning
one-to-one relationship between the mutants and the test cases. The one-to-one relationship allows us

to predictively build the entire kill matrix, which is required by many applications of mutation analysis
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public void testFactory_daysBetween_RPartial_MonthDay () {
MonthDay startl = new MonthDay (2, 1);
MonthDay start2 = new MonthDay (2, 28);
MonthDay endl = new MonthDay (2, 28);
MonthDay end2 = new MonthDay (2, 29);

’

assertEquals (27, Days.daysBetween(startl, endl) .getDays())
) .

assertEquals Days.daysBetween(startl, end2) .getDays());

’

(28
assertEquals (0, Days.daysBetween (start2, endl).getDays());
(1, )

assertEquals Days.daysBetween (start2, end2).getDays()

assertEquals , Days.daysBetween (endl, startl).getDays());

-27
assertEquals (-28, Days.daysBetween (end2, startl) .getDays());

0

assertEquals (0,
assertEquals (-1, Days.daysBetween(end2, start?2).getDays());

(
(
( Days.daysBetween (endl, start2).getDays());
(

Figure 2.1: Example test method of joda-time

public static double[] nullToEmpty (final double[] array) {
if (array == null || array.length == 0) {
return EMPTY_DOUBLE_ARRAY;
}

return array;

Figure 2.2: Example source method of commons-lang

such as fault localisation [4, 10, 40, 41], test data generation [42, 32, 27], and automated program
repair [11, 12, 24, 43]. To distinguish the difference in prediction granularity, we call the one-to-one

predictive modelling of mutation results as a Predictive Mutation Analysis (PMA).

2.2.3 Input Features of Seshat

Seshat uses the following features to perform PMA via the NL channel in the source code.

Test and Source Method Name

Test cases are written to target specific parts of the source code: any mutants generated in the
corresponding part are, by default, more likely to be killed by those test cases. We exploit the fact that
developers often put meaningful names to both source and test code [44]. By exploiting the linguistic
links between them, we define two input features for the name of the test and the source method,
respectively.

Figure 2.1 shows a test method of joda-time. From its method name,
testFactory_daysBetween_RPartial_MonthDay, we can deduce that it is likely to test a source method
named daysBetween. In addition, the name of the class that this test method belongs to is TestDays,
which indicates that the tests in this class are related to the Days class in the source code. Based on
this observation, we build new input features for the test method, and their target source method, by

concatenating their method and class names, respectively. To handle these features, we use a Deep



Neural Network (DNN) model consisting of the word embedding layers and GRUs [37]. See Section 2.2.5
for more details of our model architecture.

Note that such a linguistic link may not always exist. For example, consider one of the test methods
in commons-lang named testLang865, which is specifically designed to handle the bug report whose
unique identification number is 865.°> The test actually checks whether LocaleUtils.toLocale can
parse strings starting with an underscore, but there is no clue of this goal in the name of the test
method.

Code Tokens of Mutated Statement

Given a source and a test method, their names as features remain identical for all the mutants that
are generated within the source method. However, they do not survive, or get killed by, the same test
method collectively. We need additional features that allow us to distinguish individual mutants. To
capture the characteristic of each mutant, we take the code snippet of the line in which the mutant
is generated, as well as the actual token(s) before and after the mutation. Note that this triplet of
information is often provided by the mutation tool themselves.*

For example, consider the source method in Figure 2.2. Major mutation tool mutates Line 2 by
changing array.length == 0 to array.length >= 0. We use the entire if-statement as well as be-

fore/after code fragments:

o Mutated Statement: if (array == null || array.length == 0)
e Before: array.length == 0

e After: array.length >= 0

Similar to the method name features, code tokens of mutated statements are processed by the DNN
model. In particular, the before and after code tokens are compared to each other using comparison

layers (see Section 2.2.5 for more details).

Mutation Operator

Lastly, we use mutation operator as a categorical input feature to explicitly represent how destructive
the operator is. We posit that it may be easier to kill the mutants generated using Return Values
mutator than Binary Arithmetic Operation mutator. We use one-hot encoding to represent the type of
mutation operator. Note that the dimension of the one-hot encoding depends on the number of mutation
operators supported by the mutation tool. PIT provides 11 operators in its default configuration and

Major provides nine operators in our setting.

2.2.4 Preprocessing

All textual inputs go through the following preprocessing.

e Word Filtering: The numeric or string literals may exhibit local features that would be difficult to
generalise. To avoid overfitting to the local features, we filter numeric and string literals by replacing
them with special tokens. Also, we use two more special tokens for unknown word and for removed

words due to the mutation.
3

4Since PIT does not provide before and after tokens in the report, we exclude them when training models for PIT.



e Subword Splitting: Compound words tend to convey several concepts. For instance,
ConvertToAUTF8String can be seen as a compound of ‘Convert’, ‘To’, ‘A’ ‘UTF8’, and ‘String’. The
compound words not only increase the vocabulary size of the corpus, but also present challenges for
effective learning of the word embedding due to their rareness [45]. To address this issue, we employ

the state-of-the-art subword splitter Spiral [46] and segment the compound words into subwords.

Finally, all preprocessed tokens for all input features are aggregated to build a dataset and vocabu-
lary. Each element in the dataset represents an one-to-one mapping between a mutant and a test, labelled
0 if the mutant survives the test, and 1 if killed. The dataset is made up of only tests that cover the
mutant: label 0 means that the mutant is covered but not killed by the test. This will reduce training
and prediction time, as collecting coverage is relatively inexpensive compared to the actual mutation
analysis. In the study, we only consider cross-version scenarios, and not cross-project scenarios. This

means that we will be less affected by the Out-of-Vocabulary (OOV) problem [47].

2.2.5 Model Architecture

Test Method ~ Source Method Mutated Mutation
Name Name Line Before After Operator
| | | ||
[ Word Embedding ] [ Word Embedding ]
| | | |
[ Bidirectional GRU ] [ Bidirectional GRU ]
| | |
Comparison ] [ Comparison
T

Concatenate QI;)

[ Linear ] [ Linear ]
| |
Concatenate
[ Linear ]
)
[ Softmax ]

!

Killed or Not Killed

Figure 2.3: Model architecture of Seshat

Figure 2.3 illustrates a model architecture of Seshat. It consists of the word embedding layers to
convert words to vector representations, the bidirectional GRU layers to extract sequential context in
names and code tokens, the comparison layers to quantify differences between two vector representations,
and the linear layer and softmax for the final classification. We detail each component in the following

subsections.
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Input Layer

The input layer consists of a name-based and a mutation-specific part. We argue that the name-
based input features mostly reflect the NL channel in the code, whereas the mutation-specific input
features reflect more of the AL channel in the code, as the code tokens contain some parts of program
logic. Consequently, we use independent word embedding layer, as well as the bidirectional GRU, for

each part.

Word Embedding and Encoding Layer

The word embedding layer maps each word to a numerical representation that captures the relative
relationship between words. We use E, € RIVe1%d for the name-based features, and Eq € RIValxd for the
mutant-specific features: V}, and V, denote vocabularies of the names and code tokens respectively, and
d denotes a dimension of the word embedding. We train the embedding layer from scratch as part of the
model training, instead of using pre-trained weights.

The words in the test method name {wy 1, ..., ws,} and the source method name {ws 1, ..., wsm}
are passed to the word embedding layer and converted to z;; = Ep(wy;) € R4 1 <4< nand Ts; =
Ep(ws ;) € R? 1 < j < m. Subsequently, the bidirectional GRU is used to extract hidden context

between words in two directions. For the test method name:

he, = GRU(z,,) (2.1)
hs = GRU(z13) (2.2)

H
hii=hy; ® ;E (2.3)
The hidden representations of a forward GRU and a backward GRU are concatenated, composing

one representations h; ;. Next, we adopt an attention mechanism to reward those words that are deemed

to be important.
ut’i = tanh (Wattht,i + ba.tt) (24)

oy — exp (“'Zi“)

C e (ufu) =

U = Zatﬂiht,i (26)

Wast denotes a learnable weight matrix and b, is a corresponding bias. The attention vector is
normalised by softmax (Equation 2.5) and makes resulting embedding vector v, through the weighted
sum with h;; (Equation 2.6). The same bidirectional GRU and attention mechanism are applied to
hs j, computing vs. As a result, the v, and v, are embedding vectors of test and source method name,
respectively, after the bidirectional GRU layer.

The mutation-specific part of the input uses an independent embedding layer Eq and a bidirectional
GRU layer. Except the mutation operator feature that is categorical data and thus one-hot encoded,
mutation-specific features are fed into Eq, the bidirectional GRU, and attention mechanism in the same
way as the name-based features. At the end of this process, we get three embedding vectors: v; (mutated

line), vy (before), and v, (after).
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Comparison Layer

Seshat is based on the intuition that the semantic similarity between the names of the source and
test method will reflect, and eventually allow us to learn, the mutant-test relationship. To capture the
semantic similarity between names, we use a comparison layer [48, 49] to measure similarity between
two embedding vectors, v; and vs. The comparison layer includes various comparison functions: Neural
Tensor Network (Bilinear layer), Neural Network (Linear layer), Cosine and Euclidean similarity, element-
wise subtraction and multiplication. For example, Neural Network is a simple network with one linear

layer and Neural Tensor Network is similar but with bilinear layer, each of which has learnable parameters

Wnn, bvn, WNt, by:

CNN = RELU(WNN(’l)t ® 7’.5') -+ bNN) (27)

ent = ReLU (v Wirvs 4 byr) (2.8)

Other comparison functions do not have learnable parameters, and simply compute distances between
two input vectors: c.os (cosine similarity), cey. (Euclidean distance), csy (element-wise subtraction), and
Cmul (element-wise multiplication). The comparison vectors are concatenated and form an embedding
vector vg:

Vis = CNN © CNT D Ceos D Ceuc D Csub D Cmul (29)

With the mutant-specific inputs, before and after represent the changes of the same part of the code.
Therefore, we apply the comparison functions to the embedding vector of the before (vp) and after (v,):
Upe. Note that some comparison functions such as Neural Tensor Network contain learnable parameters,
we use separate comparison functions for before and after. To group and reduce the dimensionality of

each embedding vector, vys and vp,, We use two linear layers and concatenate them:

Vtsba = ths (’Uts) & VVba ('“ba) (210)

The embedding vector vsgp, is passed to the final linear layer and the softmax function to produce

the probability of the input belonging to each class (i.e., killed or not killed).

p = softmax(W (vispa)) (2.11)

During training, all learnable weights such as the word embeddings, the weight matrices, or the

biases are learnt by minimizing the cross entropy loss.

2.3 Experimental Setup

We design an empirical study that evaluates Seshat on seven different Java projects consisting of 37

program versions in DEFECTS4J.

2.3.1 Research Question

We ask the following five research questions to evaluate Seshat:

12



RQ1. Effectiveness

Can Seshat learn and predict a kill matriz using the NL channel in the source code and tests? How
does Seshat perform against PMT and a coverage based heuristic? RQ1 concerns the effectiveness of
Seshat under a cross-version scenario with the comparisons to other models. We answer RQ1 by training
Seshat using the actual kill matrices of earlier versions of a subject system, and using it to predict the
kill matrices of subsequent versions. We also train a test case level PMT and a coverage based baseline

to compare the F-score for each subject.

RQ2. Efficiency

How efficient is Seshat compared to actually performing mutation analysis to obtain an entire kill
matriz? RQ2 concerns how much execution time can be saved by Seshat, compared to the execution
time of the traditional mutation analysis. We report the time required for preprocessing and predicting
the full kill matrix.

RQ3. Generalisation

How well does Seshat generalise to test cases that are newly added to a subject system? If Seshat
truly learns through the NL channel, it should retain its predictive power for the new and unseen test
cases, as well as the unseen mutants. If Seshat simply memorises the features, on the other hand, its
prediction accuracy for newly introduced test cases will be dramatically lower than that for existing test

cases. We answer RQ3 by evaluating Seshat separately, for the old and new test cases.

RQ4. Mutation Score

How well does Seshat predict whether a mutant is killed or survives by a given test suite (i.e.,
mutation score) compared to PMT? RQ4 concerns whether the full kill matrix predicted by Seshat
actually produces an accurate aggregated result over the test suite as well. If it does, the results would
support that Seshat incorporates the coarser grained PMT. We answer RQ4 by computing the mutation
score and F-score using predicted kill matrix by Seshat, and comparing them to the actual mutation

score and F-score of PMT.

RQ5. Naming Convention and Automated Test Generation

How sensitive is Seshat when applied to automatically generated test cases and their naming con-
vention? With RQ5, we evaluate Seshat using a test data automatically generated by EvoSuite [50].
We begin by training Seshat with a kill matrix of EvoSuite generated test suite, and predicting the kill
matrix of another, independently generated EvoSuite test suite for a subsequent version. In addition, we
also cross-evaluate the performance of Seshat between the developer written test suites and the EvoSuite
generated test suites. The use of the machine generated test cases has multiple implications. First, unlike
the developer written test suites that gradually evolve with the SUT, EvoSuite test suites are generated
for each version in our experimental protocol, getting rid of the continuity in the test suite contents.
Second, the machine generated test cases follow different naming conventions from those used by de-
velopers. We adopt the descriptive naming strategy implemented in EvoSuite [51] and see how much
information can be obtained from the NL channel. Finally, we expect the test adequacy of the machine

generated test suites to be different from those written by developers in terms of the mutation testing.
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In the evaluation, we investigate how much the predictive power of Seshat is affected by these factors

when we replace the developer written tests with the automatically generated tests using EvoSuite.

2.3.2 Subject Program

We select 37 subject program versions on seven different projects in DEFECTS4J v2.0.0, which has
been widely used in the software testing research, and provides an infrastructure that makes tests run,
coverage analysis, and mutation analysis to be easily performed and reproduced. Table 2.1 lists the
latest and the oldest subject program versions for each project. Column 1 shows project name, and
the number of program versions in each project we use in the study. We denote the version number
by the identifier number used in DEFECTS4J, and denote the two adjacent versions, or a version and
immediately preceding version by the two versions whose version numbers are right next or before to
each other.

To facilitate cross-version scenario, we select programs whose version number is a multiple of five or
ten. Note that smaller version number does not always represent more recent codebase; Gson, Cli, JC,
and Csv assign smaller version number to older codebase. Chart is the largest subject with 96k LoC and
Time has 4k tests which is the most and 74 times larger than tests of Csv which contains only 54 tests.
We exclude subjects of Time under the Major mutation tool because their mutation analyses for entire

kill matrix have not been completed within 48 hours.

2.3.3 Mutation Tool

Since the result of mutation analysis is highly dependent on the mutation tool and its configuration,
we evaluate Seshat using two widely studied Java mutation tools, PIT ver. 1.5.2 [28] and Major ver.
1.3.4 [29]. PIT uses bytecode mutator that is known to be efficient and well integrated with various
development environments. Meanwhile, Major adopts compiler-integrated mutator that transforms the
abstract syntax tree (AST) and provides in-depth mutation report. Table 2.1 lists the number of gen-
erated mutants, killed mutants, and kill percentage of PIT and Major. It shows that large LoC leads
to the large number of mutants: Major generates up to 81k mutants for Chart whereas it generates 11k
mutants for Csv.

In the study, we filter mutants of PIT that are not captured by our preprocess steps, or killed due
to implicit oracles such as time out or uncaught out of memory exceptions, because PIT does not report
the tests that caused the kill. Therefore, in Section 2.4.4, we have computed the mutation score ourselves

after excluding all those mutants, not using the score reported by the mutation tool.

2.3.4 PMT and Coverage based Baseline Model

To compare the performance of Seshat against other models, we choose two models: PMT and
a simple coverage based baseline model. Following the recent study that has investigated the model
choices for PMT, we implement a Random Forest classifier using 12 features that has shown the best
performance [8]. Most of the features of PMT are collected in the same way, but the test suite level
features such as numFEzecuteCovered are collected in the test case level for PMA. In addition, as a sanity
check, we also include a coverage based model that predicts all mutants covered by any test will be killed.

Coverage information for this heuristic has been collected using Cobertura.
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Table 2.1: Subject Program

Project Tdentifier  Version LoC  # Tests Date Major PIT
# Mut. Gen. Killed % | # Mut. Gen. Killed %
commons-lang | Lang 1 21,788 2,291 2013-07-26 22,793 74.2% 10,546 85.4%
Lang 10 20,433 2,198  2012-09-27 19,767 74.7% 9,477 85.6%
Lang 20 18,967 1,876  2011-07-03 19,073 74.5% 8,994 84.3%
Lang 30 17,660 1,733 2010-03-16 18,144 74.7% 8,234 85.5%
Lang 40 17,435 1,643  2009-10-22 17,972 74.1% 8,138 73.8%
Lang 50 17,760 1,720  2007-10-31 18,151 73.0% 8,744 81.3%
Lang 60 16,920 1,590  2006-10-31 17,819 72.6% 8,506 81.5%
joda-time Time 1 27,801 4,041 2013-12-02 20,257 65.1% 9,706 78.4%
Time 5 27,664 4,013 2013-11-01 20,144 65.1% 9,658 78.6%
Time 10 27,341 3,954  2013-06-16 19,991 65.2% 9,634 78.0%
Time 15 27,215 3,894  2012-04-30 19,756 65.3% 9,604 77.9%
Time 20 27,156 3,868 2011-10-23 19,618 65.1% 9,556 77.9%
Time 25 26,805 3,810  2010-12-05 19,488 65.5% 9,416 T7.7%
jfreechart Chart 1 96,382 2,193 2010-02-09 81,006 23.6% 35,690 33.9%
Chart 5 89,347 2,033  2008-11-24 75,024 23.6% 33,157 33.7%
Chart 10 84,482 1,805 2008-06-10 71,052 22.8% 31,183 33.1%
Chart 15 84,134 1,782  2008-03-19 70,647 22.6% 30,977 32.8%
Chart 20 80,508 1,651 2007-10-08 67,479 22.2% 30,471 31.4%
Chart, 25 79,823 1,617 2007-08-28 66,766 22.1% 30,213 31.0%
gson Gson 15 7,826 1,029  2017-05-31 5,044 64.2% 2,670 76.1%
Gson 10 7,693 996  2016-05-17 4,775 65.4% 2,576 75.7%
Gson 5 7,630 984  2016-02-02 4,722 64.6% 2,546 75.8%
Gson 1 5,418 720 2010-11-02 2,295 61.8% 1,564 70.3%
commons-cli Cli 30 2,497 354 2010-06-17 1,592 81.3% 710 89.2%
Cli 20 1,989 148  2008-07-28 1,118 77.3% 509 83.5%
Cli 10 2,002 112 2008-05-29 1,151 68.4% 515 77.9%
Cli 1 1,937 94 2007-05-15 1,118 66.3% 499 73.3%
jackson-core JC 25 25,218 573 2019-01-16 30,010 53.8% 13,198 63.5%
JC 20 21,480 384 2016-09-01 25,257 49.8% 11,115 58.5%
JC 15 18,652 346 2016-03-21 21,599 48.1% 9,632 56.1%
JC 10 18,930 330 2015-07-31 22,089 48.6% 9,773 56.6%
JC 5 15,687 240  2014-12-07 18,610 47.3% 8,227 54.6%
JC 1 15,882 206  2013-08-28 16,982 46.5% 7,561 53.0%
commons-csv | Csv 15 1,619 290 2017-12-11 1,173 71.4% 599 84.0%
Csv 10 1,276 200 2014-06-09 1,043 71.1% 493 81.9%
Csv 5 1,236 189 2014-03-13 996 72.3% 469 81.9%
Csv 1 806 54 2012-03-27 695 68.1% 280 80.4%

2.3.5 Evaluation Metric and Protocol

For all RQs, we use the standard evaluation metric for binary classification, as PMA is essentially
a prediction of binary classes, i.e., killed or not killed. We compute precision, recall, and F-score, but
only report F-score for the sake of brevity, as they show similar trends.

To simulate cross-version scenarios, we set the base versions used for training the model and apply
them to predict the kill matrices of later versions. For all the two adjacent versions in our subjects,

on average, the number of elapsed days is 445, the number of added lines is 14,469, and the number of
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removed lines is 14,826.°

2.3.6 Configuration and Environment

We use a default set of mutation operators for PIT and default template file (.mml) specified in
DEFECTS4J for Major. We run mutation analyses using PIT with two threads and fullMutationMatrix
options. For Major, we use sort_methods and exportKillMap options to enable it to compute the entire
kill matrix in a test case level. For the versions in Chart, we run Major within the killmap tool to
reliably manage stack overflow errors involving JVM crashes.®

In the preprocessing step, we perform lexical analysis using a Java lexer implemented in SLP library.”
In training model, the dimension of word embedding is set to 50, the number of features in the hidden
state of GRU is set to 100, and dropout rate is set to 0.5. The maximum training epoch is 10.

The mutation analysis using killmap tool was performed on four machines each of which runs
Ubuntu 18.04.4 LTS on Intel i5-10600 CPU @ 3.30GHz and 16GB RAM. All remaining experiments
were performed on machines running Ubuntu 16.04.4 LTS, Intel Xeon E5-2630 v4 CPU, Nvidia TITAN
Xp GPU, and 256GB RAM.

2.4 Results

This section answers the research questions using the results from the empirical evaluation of Seshat.

2.4.1 Effectiveness (RQ1)

Figures 2.4 and 2.5 show how the F-score changes when we train a model using a kill matrix of a base
version and predict kill matrices of subsequent versions that are gradually farther away. The z-axis shows
the relative time interval between versions: the longer the time interval between versions, the further
the distance in x-axis between them. We also specify the exact number of elapsed days between the first
two versions in the x-axis for the sake of understanding. The colours in Figures 2.4 and 2.5 represent the
models we use: the blue circle marker represents Seshat, the green X marker represents PMT, and the
orange triangle marker represents the coverage based baseline. In the same colour variation, the model
trained with the older program is marked as darker colour, and the connected line between markers
represent that the models are trained using the same base version.

Figure 2.5 shows that Seshat performs the best for versions of Chart on PIT: the average F-score
from all pairs of versions of Chart is 0.92. For all subjects in PIT, Seshat achieves the average F-score
0.84. Compared to PIT, as shown in Figure 2.4, Seshat shows slightly worse prediction performance on
Major, with the overall average F-score 0.81.

Also, Seshat outperforms PMT and the coverage based model. PMT and the coverage based model
produce average F-scores of 0.70 and 0.39, respectively, when predicting the kill matrices of PIT, and
0.68 and 0.19 for the kill matrices of Major. This supports our hypothesis that PMT lacks fine-grained
features needed for test case level prediction. It is not surprising that the coverage based heuristic

performs the worst, since the coverage is not a sufficient condition for killing a mutant.

5We use git-diff tool to extract changed lines in . java files.
6We obtained the tool from

(commit eal741dbb) and then modified it to run all given test cases.
7
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Figure 2.4: Prediction of the full kill matrix on Major

By comparing lines with different tints in the same colour variation, we can observe how the time
between two versions affects the prediction accuracy of Seshat. The older the model used for training
is, the worse the prediction becomes. When predicting for the latest version, models trained on the
immediately preceding studied version shows 0.08 and 0.09 point higher F-scores when compared to
models trained on the oldest versions, for Major and PIT respectively. However, we also note that the
accuracy degradation is relatively slow: the F-scores decrease by 0.019 and 0.013 point per year on
average for Major and PIT, respectively. PMT also follows this trend but the coverage based model does
not.

The worst F-scores are observed in the models that are trained with the oldest versions of Gson
and Csv. With both projects, the first interval is much longer than those in others: over five years for
Gson, and almost two years for Csv. Combined with the relatively smaller size of these two projects, we

suspect that the codebases for these two projects have changed more than other projects, which makes
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Figure 2.5: Prediction of the full kill matrix on PIT

the prediction harder. For example, the oldest version of Gson only produces about half the mutants

then those produced from the next analysed version, resulting in F-scores consistently lower than 0.7 for
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all predictions based on itself.

Answer to RQ1: Seshat successfully learns the features in the NL channel that are effective
in predicting the full kill matrices: Seshat achieves average F-score of 0.81 and 0.84 for Major and

PIT, respectively, which significantly outperforms PMT and the coverage based model.

Table 2.2: Efficiency of Seshat

Project  Ver. Major  Seshat Speed-up PIT Seshat Speed-up

Lang 1 12,924s 267s 48.34X | 1,472s 128s 11.46X
10 13,185s 244s 54.10X | 1,385s 116s 11.95X
20 5,395s 214s 25.15X 970s 104s 9.30X
30 5,220s 212s 24.61X 900s 97s 9.24X
40 4,756s 206s 23.08X 836s 93s 9.02X
50 6,793s 196s 34.72X 865s 93s 9.29X
Time 1 - - - | 2,294s 616s 3.73X
5 - - - | 2,170s 592s 3.67X
10 - - - | 1,957s 614s 3.19X
15 - - - | 2,138s 564s 3.79X
20 - - - | 2,309s 557s 4.15X
Chart 1 64,719s 1,248s 51.87X | 2,295s 369s 6.22X
5 53,986s 1,093s 49.40X | 2,014s 338s 5.95X
10 46,983s 998s 47.07X | 1,542s 293s 5.26X
15 46,429s 962s 48.27X | 1,520s 289s 5.26X

20 42,475s 873s 48.68X | 1,466s 258s 5.68X

Gson 15 16,738s 347s 48.27X 376s 118s 3.19X

10 15,9865 339s 47.13X 351s 120s 2.94X
5 15,253s 348s 43.82X 345s 113s 3.04X
Cli 30 1,290s 35s 36.98X 74s 19s 3.81X
20 498s 37s 13.35X 43s 20s 2.12X
10 408s 32s 12.94X 42s 18s 2.30X
JC 25 113,343s 538s  210.53X | 1,391s 204s 6.81X
20 88,075s 392s  224.44X | 1,013s 142s 7.16X

15 45,069s 317s  142.17X 669s 115s 5.82X
10 44,110s 305s  144.85X 676s 113s 5.99X

) 31,257s 209s  149.49X 557s 83s 6.72X
Csv 15 5,289s 52s  101.00X | 1,781s 23s 77.91X
10 1,317s 33s 40.30X | 1,359s 16s 83.12X
5 1,179s 31s 37.44X | 1,493s 16s 93.90X
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2.4.2 Efficiency (RQ2)

The main drawback of building a full kill matrix comes from its huge computational cost. It requires
even more time than traditional mutation testing, because even if a mutant is killed by some test earlier,
it does not skip running other tests. For example, considering Lang 10, traditional mutation testing
using PIT was 4.3x faster than those with full kill matrix option. Therefore, we investigate how much
execution time can be saved by Seshat, compared to that of traditional mutation analysis with full kill
matrix option.

Table 2.2 shows the execution time of two mutation tools and Seshat to compute the full kill matrix.
Columns 3 and 4 list the execution time of Major and Seshat that predicts Major’s kill matrix of the
corresponding version, respectively. Similarly, Columns 6 and 7 list the execution time of PIT and
Seshat. Overall, the results show that PIT can compute the full kill matrix in a reasonable time: it takes
up to 38 minutes for Time and up to 74 seconds for Cli. Moreover, PIT is on average 28x faster than
Major since Major has generated more mutants than PIT in our study. Still, Seshat can speed up from
2x to 94x, compared to PIT. In particular, Seshat predicts kill matrices of Csv exceptionally faster than
others; although all Csv versions have fewer than 300 tests, they are executed relatively slow, resulting
in PIT running more than 22 minutes. In contrast, Seshat is not affected by the test executions, but
only the number of tests, so it can predict kill matrices in less than 23 seconds. Seshat also requires
significantly less time than Major for all subjects, with the average speed-up of 68x. Major runs more
than 31 hours for JC 25, but Seshat takes only nine minutes.

Note that the reported speed-ups are specifically in the context of predicting the entire kill matrices.
Tt is theoretically possible that Seshat can be even more efficient if we only wanted to predict the mutation
scores like PMT: we simply need to stop the prediction for a mutant once it is predicted to be killed by
any test case. However, as Seshat maps one-to-one relation between multiple mutants and test cases,
the inference phase is fully parallelised using a GPU across the elements in the kill matrices, making
mutation score level evaluation of efficiency difficult. Even if we serialise the computation, the ordering
of prediction would affect when the ideal early stopping point should be. Consequently, we limit our

evaluation of efficiency to the prediction of entire kill matrices.

Answer to RQ2: Seshat is much more efficient in predicting the full kill matrix than traditional

mutation analysis, with the average speed-up of 68x against Major and 14x against PIT.

2.4.3 Generalisation (RQ3)

In RQ3, we investigate whether Seshat can generalise to the unseen test cases that did not exist in the
test suite of the version used for training. Before prediction, we separate the test cases into two categories,
existing and new. Subsequently, we report the prediction F-score for each group independently. While
we only categorise test cases, we posit that the new test cases are likely to cover newly introduced code
in the version that we apply Seshat to.

Figure 2.6 shows how F-score changes between the old and the new test categories per projects. The
z-axis represents the version used for training, and the y-axis represents the averaged difference in the
F-scores when both categories are compared to the F-score computed using all tests: the F-score A of 0

means that the category produces the same F-score as that of the entire test suite.
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Figure 2.6: Changes of F-score of existing tests and new tests

For all subjects, the existing tests show F-scores that are higher by 0.01 and 0.01 on average, while
new tests show F-scores that are lower by 0.04 and 0.05 on average, Major and PIT respectively. The
difference suggests that Seshat does perform better for the existing test cases. The notable outliers are
from the versions in Lang, for both Major and PIT: the average F-score A is —0.11. We suspect that this
is related to the test case granularity: test cases in Lang tend to cover fewer methods compared to other
projects. In our analysis, a test case in Lang covers about 14 methods on average, whereas a test case
in all the other projects covers about 127 methods on average. The finer granularity may drive Seshat
to learn stronger one-to-one mappings between the test cases and the source methods, with higher risk
of overfitting. In turn, this will make it more difficult for Seshat to make an accurate prediction for the
new test cases. Another outlier is the versions in Time analysed with PIT; however, the reason may be
the opposite because Time has the highest average number of methods covered by a test case, which is

360. It is more difficult to learn mappings between the source and the test methods if the relationship
is dominantly one-to-many, resulting in low performance of Seshat.
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Answer to RQ3: Seshat can generalise to the new source and test code: the F-score decreases

only by 0.04 and 0.05 with Major and PIT, respectively, for new and unseen test cases.

2.4.4 Mutation Score (RQ4)

The test case level of PMA is finer-grained than the test suite level of PMT: once we predict a kill
matrix, we can easily compute the Mutation Score (MS) from the matrix. We expect a conversion in
the opposite direction to be more challenging. This is because, intuitively, PMA is more challenging as a
learning problem than PMT, since it needs to learn and produce more information (an entire kill matrix)

compared to PMT (which essentially predicts an aggregation of a kill matrix).

Table 2.3: Mutation Score Prediction by Seshat and PMT

Major PIT
Project F-Score MS Error F-Score MS Error
Seshat  PMT | Seshat PMT | Seshat PMT | Seshat PMT

Lang 0.825 0.715 | 0.848 17.547 | 0.908 0.912 | 2.112 4.503

Time - - - - 0.894 0.903 | 0.254 6.091
Chart 0.818 0.747 | 3.047 4.641 | 0.896 0.827 | 1.785  6.306
Gson 0.625 0.644 | 10.837 9.590 | 0.817 0.795 | 4.281  6.445
Cli 0.669 0.781 | 23.943 7.922 0.847 0.905 | 10.813 3.583
JC 0.775 0.693 | 4.370 9.755 | 0.851 0.832 | 0.595  5.862
Csv 0.672 0.668 | 17.286 15.007 | 0.844 0.856 | 1.166  7.149

Table 2.3 shows the F-score and MS error (i.e., [M Sgeq; — M Spyeq|) when Seshat and PMT predict
whether a mutant is killed by the entire test suite. In general, it is hard to determine which model
performs better because the differences of both F-score and MS error vary considerably between the
subjects. However, despite the aggregation over the predicted kill matrix to compute MS, Seshat shows
comparable and sometimes better results than PMT.

In addition to the analysis of the absolute error, we further investigate the actual difference (i.e.,
M SReat — M Spreq) for all predictions by Seshat and PMT. In total, out of 55 predictions, 11 M Sp;.cq
by Seshat are higher than M Spge,. In contrast, all 55 M Sp,.q by PMT are higher than M Sg.q;. This
indicates that PMT tends to overestimate mutation scores, while the errors of Seshat are both over and
underestimations. For Seshat, the observed trend is plausible, because some of the kill relations may
be very unique, and therefore harder to learn properly. In comparison, considering the importance of
dynamic features for PMT, the overestimation by PMT is in line with the widely known limitations of
structural coverage: it relies significantly on features related to the execution of the mutant, but the
coverage does not necessarily result in killing it.

A hybrid model that combines the features of Seshat and PMT may improve the prediction perfor-
mance for the MS, as well as the contents of the kill matrix. However, the focus of this chapter was to
evaluate the feasibility of Seshat based on the NL channel. We leave further investigation of hybridisation

as future work.
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Answer to RQ4: Seshat can predict the mutation results with average F-score of 0.80, and
average mutation score error of 6.26, producing comparable results with PMT that achieves 0.79

and 8.03 respectively.

2.4.5 Naming Convention and Automated Test Generation (RQ5)

Table 2.4: Predicting kill matrix by replacing developer-written tests (Dev) with EvoSuite tests (Evo)

Project Target | Devipgin  EvOtrain  EVOirain | DeVirain
Vesrion Evoiest Devyest Evoiest Deviest
Lang 60 0.61 0.68 0.74 0.86
50 0.61 0.67 0.72 0.84
40 0.58 0.64 0.76 0.87
30 0.62 0.62 0.71 0.87
20 0.64 0.65 0.77 0.86
10 0.65 0.67 0.76 0.88
Time 25 0.65 0.66 0.77 0.84
20 0.66 0.64 0.76 0.85
15 0.66 0.65 0.74 0.84
10 0.65 0.64 0.73 0.83
5 0.66 0.66 0.76 0.85
Gson 1 0.56 0.60 0.67 0.66
5 0.72 0.64 0.82 0.90
10 0.71 0.66 0.81 0.91
Cli 1 0.57 0.59 0.52 0.79
10 0.56 0.60 0.87 0.83
20 0.57 0.60 0.86 0.84
Csv 1 0.57 0.58 0.66 0.68
5 0.68 0.71 0.76 0.84
10 0.57 0.68 0.70 0.77

We evaluate Seshat with EvoSuite [50] generated test cases in RQ5: the aim is to investigate
whether the NL channel still holds useful information when test cases are automatically generated.
Instead of relying on naming conventions of human developers, we use the descriptive naming strategy of
EvoSuite [51]. We hereafter denote developer-written test suites with Dev, and EvoSuite generated test
suites with Evo. We first collect kill matrices of all Evo test suites. Subsequently, we train Seshat model
on Evo (i.e., Evotain) and test on Dev (i.e., Devyegs), or train Seshat model on Dev (i.e., Devyyqin) and
infer kill matrix for Evo (i.e., Evoses). In addition, we provide the results of Evoy.gin & Evogeq and
Devirgin & Deviesr. Note that we only conduct the experiment using PIT because running Major on
EvoSuite tests times out after 48 hours.

Table 2.4 presents the F-scores for each train-test pair. Overall, Devyyqin & Devyes; pair achieves
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the highest F-scores, followed by Evoy,qin & Evoses pair. We posit that two factors contribute to the
performance of Seshat with Dev test suites. First, human written tests may provide richer semantic
information in the NL channel. Second, Dev is a regression test suite, whereas Evo test suites are
obtained by independent and separate runs of EvoSuite for each version. Since Dev test suites are more
stable (i.e., many test cases overlap between versions), the prediction of kill matrices may be easier for
Dev test suites. However, the descriptive naming strategy of EvoSuite does provide some information in
the NL channel, allowing Seshat to achieve F-score of up to 0.86 under the configuration of Evoy,qin &
Evoest-

In contrast, replacing Dev with Evo results in deterioration of the effectiveness of Seshat. Devy,qin &
Evoiest and Evogrgin & Deviest show similar results, achieving average F-scores 0.62 and 0.64 respectively.
The differences in naming convention between training and testing make the kill matrix prediction more
difficult.

Answer to RQ5: As long as a meaningful naming convention is applied during test generation,

Seshat can also predict kill matrices for automatically generated test cases.

2.5 Discussion

This section raises a few issues that we have identified while performing the empirical evaluation.

We believe that these can lead into interesting future work.

2.5.1 Test Quality and Coding Convention

Suppose we take any test suite for which Seshat can successfully perform PMA, and remove all
assertions from its test cases. This will render any prediction useless. What Seshat does is to recon-
struct the relationship between test cases and mutants in the NL channel, based on the training data.
Consequently, it is vulnerable to such manipulation. In contrast, if a test case without any assertion
always kills a mutant using an implicit oracle (such as crashes), Seshat will duly learn this relationship.
In practice, we expect Seshat to be used to reduce and amortise the cost of mutation analysis, and not
to completely replace it. If there is a continuity in the coding and naming convention in both source
and test code, Seshat is likely to maintain its prediction accuracy. If there is a meaningful change in test
quality, either improvement or decrease, the prediction accuracy will degrade. We expect this deviation

to be picked up by the regular application of concrete mutation testing.

2.5.2 Data Imbalance in PMA

The balance between the number of mutant-test pairs that result in kills and non-kills cannot be
known in advance, and likely not to be perfectly 1:1. As Seshat is essentially solving a classification
problem, here we consider the implications of data imbalance.

The text-based nature of Seshat prevents the use of resampling approaches such as SMOTE [52] or
ADASYN [53]. Therefore, we investigate the impact of class imbalance on Seshat using random over-
and undersampling (allowing duplicates). We over- and undersample the training data to make the class
ratio 1:1. Subsequently, we train new models and evaluate them on the same subjects. Compared to

the results of RQ1, with Major, the average F-score increases by 0.026 and 0.025 when we use over-
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and undersampling, respectively. With PIT, however, F-score decreases by 0.001 with oversampling, and
increases by 0.010 with undersampling.

The different responses to over- and undersampling between Major and PIT can be attributed to the
status of their initial imbalance. The initial class ratio between killed and not killed mutants generated
by Major across all studied versions is 0.396 on average. With PIT, the initial imbalance ratio is much
minor at 0.985 on average: there are actually more killed mutants than not killed ones in some projects.
We suspect that this leads to over- and undersampling having more random effects on the results.

We note that the difference in F-score between initial and resampled results are not significant. Data
imbalance will have more significant consequences if it only appears in the training data. However, due
to the continuity in development, projects with imbalanced kill matrices are likely to exhibit the same
imbalance in the future, resulting in relatively minor consequences in our cross-version evaluation.

Overall, we conclude that addressing the class imbalance issue can improve the performance of
Seshat in general, but the implications of the imbalance can be subtly different depending on the choice

of the mutation tool, its configuration, and the contents of the kill matrix itself.

Table 2.5: Results of Ablation Study on Major

Project Decrease in F-score

Method Name | Mutated Line | Before& After | Mutation Op.
Lang 0.009 -0.003 0.041 -0.011
Chart -0.056 -0.057 -0.030 -0.072
Gson -0.010 0.028 0.025 -0.014
Cli 0.018 -0.003 0.078 0.014
JC -0.006 0.016 0.018 -0.015
Csv 0.050 -0.015 0.142 0.045

2.5.3 Ablation Study

To investigate which feature in Seshat contributes most to the prediction, we conduct an ablation
study by removing each feature one by one and training the model. We then repeat the RQ1 study with
Major to compare the F-scores from the ablated models to those from the original model. Table 2.5
reports the decrease of F-score for each removed feature. The column “Method Name” refers to the
model that omits “Source Method Name”, and the column “Before & After” refers to the model that
omits both “Before” and “After” in the model architecture, shown in Figure 2.3. The columns “Mutated
Line” and “Mutation Operator” refer to the models with corresponding input components removed,
respectively.

Interestingly, the results show that the model performance varies across the subjects but do not
always deteriorate: for the versions of Chart, the ablated models perform better than the original model.
However, the average difference of the F-score is 0.008, which may be too small to precisely assess
the relative feature importance when considering the stochastic nature of training DNN models using
hyperparameters. We presume that our features share some common information and complement each
other, allowing the ablated model to retain its predictive power. We leave the design of more destructive

study to measure the relative feature importance as future work.
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Table 2.6: The changes between versions reported by cloc, only considering changed Java files.

Project Versions # Commits Added Modified Removed

Lang 14 10 189 3,932 6,436 244
10 ¢ 20 413 7,829 2,836 1,456
20 <+ 30 552 4,965 1,120 1,834
30 < 40 286 45,689 2 44,357
40 +» 50 444 7819 1,250 10,540
50 <> 60 166 2,333 435 464
Gson 15 ¢ 10 89 637 222 74
1045 79 377 21 137
561 823 14,474 950 8,220
Time 145 16 583 873 21
5 10 62 1,306 229 548
10 < 15 68 623 81 11
15 ¢ 20 31 396 71 11
20 < 25 65 855 136 99,260
Chart 145 186 13,081 3,205 3,350
5 ¢ 10 349 9,508 9,122 1,181
10 < 15 50 ¢ 1,046 917 196
15 ¢ 20 163 7,087 1,218 3,842
20 < 25 31 s Einoy 652 110
Cli 30 < 20 252 5,678 0 4,566
20 < 10 51 941 597 1,222
10 1 61 520 72 141
Csv 15 < 10 410 2,453 1,209 383
10 5 53 435 219 221
501 489 2,350 497 675
JC 25 + 20 304 10,684 459 725
20 + 15 150 7.522 755 3,387
15 < 10 142 1,092 194 1,037
10 ¢ 5 260 6,387 360 1,130
541 263 3,383 2,127 2,096

2.5.4 Relation to Regression Mutation Testing

We introduce and discuss the differences between Seshat and Regression Mutation Testing (ReMT) [54],
as ReMT has a similar goal as Seshat, namely to reduce the cost of mutation analysis in the context of
evolving programs. When considering successive commits of evolving systems, ReMT reuses mutation
testing results from the previous version and selects only the subset of tests that are affected by the
latest change to rerun and update the kill matrix. If the underlying Regression Test Selection (RTS)

technique is sound and complete, ReMT can output the correctly updated kill matrix with the minimum
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effort required.

ReMT is the most efficient when successively applied to each and every version: if intervals become
longer, changes will accumulate, making ReMT increasingly inefficient (i.e., it will have to execute more
and more tests and mutants). This phenomenon is known to exist in the context of regression test case
selection [55]. ReMT also involves other cost and assumptions. For example, to precisely select mutants
whose kill outcome may change in the new version, some techniques adopt static analysis techniques
that may incur additional cost; to determine the mutant kill accurately, we also need to assume that the
current version is correct.

Seshat can be complementary to ReMT, as the results show that it can provide reasonable predictions
of kill matrices across much longer intervals, incurring very little cost, without assuming anything about
the correctness of the current version. As an extreme example, suppose we want to update the kill
matrix of Lang 60 to get the kill matrix of Lang 1, two versions with 1,590 and 2,291 tests respectively
(see Table 2.1). Even if we do not consider any modified tests between two versions, at least 701 newly
introduced tests (44%) will have to be run. We do not think that this is a reasonable scenario for ReMT.
Table 2.6 shows the magnitudes of accumulated changes between versions, listing the number of commits,
added, modified, and removed lines between two adjacent versions. The number of commits between
adjacent versions, on average, is 216, which is a wider interval than ReMT’s setting that only considers

the consecutive commits.

2.6 Threats to Validity

The major threats to internal validity lie in the implementation of Seshat as well as the correctness
of actual mutation analysis that provides training data to Seshat. The models are implemented using
widely used frameworks that withstood public scrutiny, such as Scipy and PyTorch. For training data,
we depend on the publicly available mutation analysis script provided by DEFECTS4J.

The threats to external validity concern the choice of subjects, programming language, and the
mutation tools. Due to the nature of our technique, the results are dependent on the coding conventions
adopted by the studied projects. We tried to use the most recent version of DEFECTS4.J with more diverse
projects to avoid overfitting to a specific coding style. Since writing informative names is regarded as
best practice, we expect the NL channel in source code written in other programming languages will
provide similarly rich information. We adopt two mutation tools, Major and PIT, to reduce the threats
related to the choice of a mutation tool.

The threats to construct validity include evaluation metrics we used to draw the conclusions. All

evaluation metrics are standard measures for classification tasks: precision, recall, and F-score.

2.7 Related Work

Existing approaches for mutation testing cost reduction include mutant selection, mutant execution
acceleration, and mutant score prediction [56]. Offutt et al. [14] suggested to use a small set of sufficient
mutation operators instead of using a vast number of mutation operators. Namin et al. [15] advanced
mutation operator selection by leveraging a multi-objective linear regression which can learn an optimal
mutation operator set according to given corpus of mutation testing results. To reduce the runtime of
mutant executions, Zhang et al. [16] applied the idea of test case prioritization to improving the rate

of mutant kills. AccMon [57] prevented redundant mutant executions by monitoring internal states
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and cutting off a mutant execution if it fails to induce different infection states. Regression Testing
Selection (RTS) [18] presented a practical Regression Mutation Testing [54], by selecting relevant tests
that should be rerun to determine whether the new mutants are killed. Despite having a similar regression
assumption with ours, we note that the RTS approach is specifically aimed at reducing the mutation
execution cost, while Seshat takes one step further to provide a predictive model. Consequently, the
RTS approach can be combined with Seshat when Seshat needs to periodically update its reference kill
matrix by (re)running test cases. Recently introduced Predictive Mutation Testing (PMT) [7] opened up
a new dimension in mutation testing by seeking to predict whether a mutant will be killed or not by the
entire test suite based on the structural information on the target program and the coverage information
on the given test suite: consequently, it does not require any mutant execution. Seshat, whoever, aims
for a finer granularity in its prediction by attempting to infer the entire kill matrices, instead of only
predicting whether a mutant is killed by the test suite or not.

The finer-grained, kill matrix level prediction may be utilised in any application that depends on the
one-to-one relationship between mutants and individual test cases. Test generation techniques that use
the mutants as a guidance are one of such applications. For example, to create test cases that can kill
Subsuming Higher Order Mutants (SHOM) [27], one needs to start from the entire kill matrices of First
Order Mutants, which Seshat can approximate. DEMiner [42] proposed to improve a concolic testing
based on the information of which mutation affects which test execution: if there exists an NL channel
in test cases, Seshat can be used to approximately capture the relationship at a lower cost. Some
existing Automated Program Repair (APR) techniques have taken advantage the mutation analysis.
Weimer et al. [24] highlighted Generate-and-Validate program repair as a dual of the mutation testing,
while PraPR [43] explicitly exploited mutation tools for APR. The high cost of patch validation in APR
suggests that, in both cases, Seshat may partially replace concrete mutation analysis to find an attractive
trade-off between analysis cost and accuracy.

A downstream task that can directly benefit from PMA in particular is Mutation Based Fault
Localisation (MBFL) [20]. MBFL techniques have exploited a mutation analysis that relates source code
and tests through mutants [41, 4, 10, 40]. By introducing the syntactic modifications (i.e., mutants) to
the buggy program, MBFL techniques observe the changes of test results then assign a suspiciousness
score to each statement to identify the possible location of the given faults. For instance, MUSE [10] and
MUSEUM [40] are based on the two conjectures: mutating correct statements is likely to make passed
tests fail, and mutating faulty statements is likely to make failed tests pass. Then they compute the
suspiciousness scores using the ratio of fail-to-pass tests and pass-to-fail tests. Using Spectrum based
Fault Localisation (SBFL)-like formulas, Metallaxis [4] mutates the buggy program and see whether the
test results show a similar pattern with the patterns of the faults. SIMFL utilises a statistical inference
on the kill matrix to find the mutant that makes tests fail in a similar pattern with the faults, then it
suspects that the faults would be close to the location of the mutant [41]. In all cases, the cost of mutation
analysis is directly added to the cost of debugging, as these techniques tend to perform mutation analysis
once a bug is detected. Seshat can be easily applied to them to reduce the cost of the mutation analysis.

Even though the mutation testing has been considered a robust measurement of test effectiveness,
code coverage has been widely used as an alternative proxy due to its efficiency. It measures how well
the specific code structures are exercised by the tests, e.g., a statement coverage checks whether the line
is executed by at least one test case. Several studies have shown that there is a correlation between code
coverage and test effectiveness [58, 59], which supports the use of the coverage as one of our baselines.

However, as it does not convey the intent of the given test suite, further studies have found that the
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test size and the assertion should be taken into account to quantify test effectiveness [60, 61]. Checked
coverage [62] is one such example that attempted to incorporate the information of the assertions in the
coverage using backwards slicing on the assertions in the test. However, its dependence on the static
analysis may limit the applicability of checked coverage.

Moreover, our work is also different from the existing cost reduction techniques in that Seshat utilises
the natural language channel between the target program and the test cases to construct the prediction
model. Recent improvements of neural language models have enabled various techniques to exploit the
semantic information inferred from the natural language channel in programs [35, 36, 13]. Since the
natural language channel is both related to and constrained by the algorithm channel [13], a hybrid
approach would be promising to overcome the limitation of any existing analysis that aims to reason
about program semantics. For example, neural word embedding has been used to discover semantically
similar code snippets [63], as well as specifications [64]. Recurrent Neural Network (RNN) models have
been used to predict type signatures of JavaScript functions based on function and parameter names and
comments [65]. Similarly, Seshat aims to approximate the relationship between mutants and test cases

that kill them based on the similarity between their names in the embedding space.

2.8 Summary of this Chapter

This chapter investigates the mutant’s relationship with code by looking at its NI channel. To
exploit this, we proposes Seshat, a Predictive Mutation Analysis (PMA) technique that can learn and
predict an entire kill matriz, as opposed to Predictive Mutation Testing (PMT) whose aim is to predict
the mutation score. The source code and test related to the mutant, as well as the mutant-specific
code fragments are used to organise input features through Deep Neural Network (DNN). Empirical
evaluation on 37 subjects in DEFECTS4J and two widely used Java mutation tools, Major and PIT,
demonstrates that Seshat predicts kill matrices with average F-score of 0.83 and is 39 times faster than
traditional mutation analysis. In addition to predicting existing tests precisely, Seshat generalises to the
new tests, with degradation of the prediction accuracy by 0.05 in F-score. Seshat outperforms PMT and
a coverage based baseline model in predicting of the entire kill matrix by 0.14 and 0.45 point in F-score,

and performs as well as PMT in predicting of the mutation score only.

29



Chapter 3. Mutant’s Relationship with Faults

This chapter investigates the mutant’s relationship with faults that shows how much the mutants
can represent the real faults. Specifically, we target Mutation Based Fault Localisation (MBFL), a task
that exploits this relationship to localise the faults. We present several statistical inference models named
SIMFL, which can learn the relationships between the mutants and faults based on the test executions on
them. Using the mutation results of the previous version of the program, SIMFL can predict the faults
in the current version without executing the tests. This not only amortises the costs of test execution
after the fault is detected but also shows better localisation performance compared to other SBFL and
MBFL techniques.

3.1 Introduction

Fault Localisation (FL) is the problem of diagnosing the root cause of the fault by highlighting a
few program elements likely to be responsible for the fault. It is an expensive debugging activity as it
involves a human inspection to point out the suspicious locations in Program Under Test (PUT) based
on the understanding of the root cause. As such, the necessity of developing automated localisation
techniques has received increasing attention [22, 66, 67, 68, 69, 70], not only to help human developers
but also to be adopted as a prerequisite for Automated Program Repair (APR) [71, 72, 73].

Mutation Based Fault Localisation (MBFL) [10, 23, 74, 4, 75] is one such way that utilises mutation
analysis. Mutants are program variants made up of a single or multiple syntactic operator(s), designed
to simulate the real faults. Various empirical studies [2, 76, 77] have provided evidence of a correlation
between detection of the mutants and detection of the faults. Exploiting this, Metallaxis [74, 4] considers
the location of the mutants that have similar failing patterns with the faults as candidate locations of the
fault. MUSE [10] and MUSEUM [23] have taken different approaches that reward the mutants causing
partial fixes and devalue the mutants making an additional failure.

Although the usefulness of MBFL techniques has long been demonstrated, the substantial cost of
mutation analysis has hampered their practical applications. The cost reduction techniques for MBFL
are in line with the cost reduction techniques for traditional mutation testing: random sampling of
the mutants [4] and higher-order mutants [5]. They have reduced the number of mutants and test
executions, but still they are not suitable for large systems like Google’s on which more than ten million
test executions take place everyday [3]. To avoid this, recent advances employ the context of Continuous
Integration (CT) [6]: predictive mutation testing techniques [7, 8, 9] aim to predict mutation testing results
without mutant executions by learning static and dynamic features of mutants from earlier version of
the project.

In this work, we propose SIMFL (Statistical Inference for Mutation-based Fault Localisation), an
MBFL technique that operates in the CI context. Unlike other FL techniques that undertake work on
locating faults a posteriori, SIMFL uses a kill matrix computed on earlier version of the PUT, which
therefore amortises the costs of mutation analysis that has been done after the actual faults are observed.
The kill matrix records the test results of each mutant, and SIMFL uses it to relate the locations of
mutants and faults: if the mutants were killed by the similar set of tests that detects the faults, SIMFL

values such mutants and presumes their locations as likely locations of the faults. To model this kind
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of predictive inferences, SIMFL makes use of several statistical inference techniques such as Bayesian
inference, probabilistic coupling, and more sophisticated models such as Logistic Regression or Multi-
Layer Perceptron. Once building a predictive model in advance, SIMFL produces a rank of suspicious
program elements by feeding the test results of the fault into the model.

We conduct extensive empirical experiments on SIMFL in three different use cases. Using the
real-world fault dataset, DEFECTs4J [78], and Major mutation tool [79], SIMFL places 113 faults on
the top out of 224 faults and outperformed existing MBFL techniques. Even if SIMFL is built on the
predicted kill matrix by Seshat [9], it localises 95 faults on the top out of 194 faults, showing its practical
value. We also investigate how much SIMFL is affected by mutant sampling and the results show that
SIMFL retains 80% of localisation accuracy when it uses only 10% of mutants. Lastly, we demonstrate
the assumption that subsumed mutants [80, 81] would disrupt the scoring functions of SIMFL. The
evaluation of SIMFL models after eliminating the subsumed mutants reveals that the number of faults
localised at the top increases up to 51.

The contributions of the chapter are as follows:

e We present SIMFL, an MBFL technique that infers the location of faults based on the mutation
analysis performed before the faults are observed. This allows SIMFL to significantly amortise the
costs of mutation analysis, and the experiments on DEFECTS4J dataset showed that SIMFL achieves

better localisation accuracy than existing MBFL techniques.

e We introduce several modelling schemes of SIMFL using statistical inferences and machine learning
techniques. We not only compare their effectiveness but also provide the empirical evidence of the

impacts of model viability and mutant sampling.

e We further investigate the impact of test granularity and mutant filtering based on the kill reason
(e.g., exception). The in-depth observation on the relationship with other FL techniques open up a

positive hybridisation of SIMFL and other techniques.

e We have added a new use scenario of SIMFL using a predicted kill matrix of Seshat, which is not

dependent on pre-existence of failing tests.

e We have proposed a new ranking model based on probabilistic coupling. We apply a definition of

mutant-fault coupling that values the mutants tightly coupled to the fault.

e We have investigated the effects of removing the subsumed mutants. We observed that the subsumed
mutants disturb and inflate the method-level aggregation of FL scores by SIMFL. The new experiment

showed that eliminating them significantly improves the effectiveness of SIMFL.

3.2 Methodology

Intuitively, the underlying assumption of SIMFL is that, for a test that has killed the mutants
located on a specific program element, the same program element should be identified as the suspicious
location when the same test later fails again. This is based on the coupling effect hypothesis in mutation
testing: essentially we simulate the occurrence of real faults with artificial faults with known locations,
i.e., mutants, and build predictive models for actual future faults. This section describes the models and
the statistical inference techniques used by SIMFL.

Figure 3.1 depicts the expected use case scenario of SIMFL, which includes four stages:
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Figure 3.1: Expected use case scenario of SIMFL
1. Perform mutation analysis for a version of SUT, and produce the kill matrix. The version is called
the reference version.
2. While testing a subsequent version, a failure is observed.

3. Using the information of which test case(s) failed, as well as the kill matrix, build a predictive model

for fault localisation.

4. Guided by the localisation result, patch the fault.

Table 3.1: An Example Kill Matrix

Class | Method Mutants Test Results 0-1 Vectors
t1 to t3 ty | of ty,ta, 13,14

n.isName() + true (mq) 1,1,0,0
com. | getType n.isName() — false (mo) 0,0,1,0
%21(1)16. bFlag or isInferred — isInferred (mg)

param.isTemplateType() — true (ms5)
resolveType

x NN N %
> X | X N %
>x N | X% % N
N NS NS

resolvedType() — deleted (mg)

3.2.1 Mutation Analysis

We perform mutation analysis on the reference version of a program P with a test suite T, and
compute a kill matrix K, which contains a complete report of all tests executed on all mutants. An
example kill matrix is shown in Table 3.1: the mutant m; located in the method getType is killed by
the test cases t1 and ty, whereas ms is only killed by t3.

Let K,,, denote a set of tests that kill mutant m, let X, be a set of mutants located on a program
element e € P, let M, be an event that e is mutated, and let F; be an event that a test case ¢ fails on a
given program. Based on the kill matrix K,,, we can approximate the probability of test case ¢ killing

the mutants located on the program element e as follows:

[{meX.|teKn}|
1Xe|

Pr(F, | M,) ~ (3.1)
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Note that this is strictly an approzimation based on the observed kill matrix because it is impossible
to produce and evaluate all possible mutants. The exact value of Pr (M.) is the ratio of the number
of all possible mutants on e to the number of all possible mutants on P; for Pr (F, | M,), we need to
calculate the number of all possible mutants in e that are killed by ¢. Neither is feasible. Consequently,
we assume that we can analyse a finite set of mutants that allow us to approximate Equation 3.1.

Next, using Bayes’ rule, we calculate the revised probability of the event that the program element

e has been mutated, given that the test case t fails:

Pr(Fy | M) Pr(M.)
Pr (Ff) (32)

~ Pr (fault exists in e | F})

Pr(M, | F) =

We argue that, if real faults are coupled to mutants, the probability above can approximate the
likelihood that the fault is located on the program element e, when ¢ is a failing test case in the future.
This allows us to make ranking models that sort the program elements in descending order of the

probability.

3.2.2 Ranking Models Based on Bayes’ Rule

We regard the probability in Equation 3.2 as the quantitative score representing how suspicious the
program element e is for the failure observed via the failure of ¢. This section presents the formulations

of ranking models based on the scores as well as more refined inference models based on kill matrix data.

Exact Matching (EM)

This model is an extension of Equation 3.2 to a set of test cases. Let T = {t; | 1 <i <n <n'}
be the test set, which consists of two disjoint sets: T§ = {t1,...,¢,} is the set of failing test cases,
and T, = T\ Ty is the set of passing tests, on the faulty program. While there can be many different
formulations of ranking models based on a set of test cases, we start by treating the set of all observed
failures, Fr,, as a conjunctive event of individual test case failures, i.e., Fp, = Fy, N---N F,. Our
goal is to find the faulty program element e; € P with the highest probability of being the cause of the
observed failure symptoms, that is, Pr (]\Je,. | Fr f). Tt follows that:

Pr(Fr, | M.) Pr(M.)

Pr (Fr,) (3:5)

argmax Pr (I\/Ie | FTf) = argmax

The denominator in Equation 3.3, Pr (FTf), can be ignored without affecting the order of ranking
based on this score, because it is not related to a specific program element. Expanding the numerator
yields the following:

argmax Pr (Fr, | Mc,) Pr (M.,)

= argmax Pr (Fy, N+ N Fy, | Me,) Pr(M.,)

i

{m e Xe, | {tr, ...t} = Ko}l

= argmax X, Pr(Me;)
= argmax [{m e Xe, | Ty = Km}| | Xe,| (34)
i Xe; | Xp|
Xe, | T =Kpnm
g [ € X [Ty =K
i IXp|

= argmax [{m € X, | Ty = Ku }|
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Intuitively, Equation 3.4 counts the mutants on e that cause the same set of test cases to fail as the
symptom of the actual fault, Fr,. We call this model the Exact Matching (EM) model with failing test
cases, denoted by EM(F).

Alternatively, we can include passing tests in the pattern matching as well. Let P; be an event that

a test case t passes on a given program, then Equation 3.4 changes as follows:

argmax Pr (FTf N Pr, | ]\/[eq.) Pr(M.,)

= argmax Pr (Fun--NFy, NPy, N--NP_, | M) Pr (M) (3.5)

7

= argmax [{m € X, | Ty =K,y ATy =T\ Ky, }|

Similarly to EM(F), this model is called EM(F+P): it counts the mutants on e that cause the same
set of test cases to fail and pass exactly as the symptom of the actual fault. If, for example, a test case

t passed under the actual fault, EM(F+P) model will not count any mutants that are killed by t¢.

Partial Matching (PM)

The Exact Matching (EM) models lose any partial matches between the symptom and the mutation
results. Suppose two test cases, t; and to, failed under the actual fault, but only t; killed a mutant
on the faulty program element, i.e., Jt1,t5 € Tf,t; € K, Aty ¢ K,,. The information that ¢; kills
a mutant on the location of the fault is lost, simply because ¢, failed to do the same. To retrieve this
partial information, we propose two additional models based on partial matches: a multiplicative partial

match model and an additive partial match model.
e PM*(F): Multiplicative Partial Match Model w/ Failing Tests

argmax [[ (Pr(M., | Fy)+¢)

teTy

= argmax H (Hm e X, |t e K} +¢)
b teTy

(3.6)

e PM™(F): Additive Partial Match Model w/ Failing Tests

argmax Z Pr (M., | Fy)
LoteTy
(3.7)
= argmax Z {m e Xe, |t € K}
iotery
Intuitively, instead of counting exact matches, we want to aggregate scores from the relationship
between individual failing test cases and all mutants on a specific program element. PM*(F) and PM™ (F)
respectively aggregate individual scores by multiplication and addition. Note that the PM*(F) model
requires a small positive quantity e to prevent the value of the entire formula from being zero when there
exist one or more terms that evaluate to zero: the value of € does not affect the ranking.
Similarly to the case of EM models, we can also include the information of test cases that pass under

the actual fault. These two models are called PM*(F+P) and PM*(F+P), and defined as follows:

e PM*(F+P): Multiplicative Partial Match Model w/ All Tests

argmax (H (Pr (M., | Ft) +¢) H (Pr (M., | P)+ e))

! teT teT),

(3.8)
= argmax H ({meXe, |t €Ty < teKn}|+¢)

¢ teT
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e PM™(F+P): Additive Partial Match Model w/ All Tests

argmax (Z (Pr (M., | Fv)) + Z (Pr (M., |Pt))>

! teT teTy

(3.9)

= argmaxz {meX., [teTy < te K}
" teT

3.2.3 Ranking Models Using Classifiers

Scores from the Bayesian inference models described in Sections 3.2.2 and 3.2.2 are directly computed
from the kill matrix, and requires virtually no additional analysis cost when scores are needed to be
computed. However, all these models simply rely on counting matches between test results under the
actual fault and kill matrix from the ahead-of-time mutation analysis.

To investigate if more sophisticated statistical inference techniques can improve the accuracy of
SIMFL, we apply both linear and non-linear classifiers to build predictive models. These classifiers take
the test results as input, and yield the most suspicious method, as well as the suspiciousness score of
each method as output. Let aT, denote a 0-1 vector of the test results of T;, where 0 indicates that
test case fails, and 1 indicates that test case passes. We first build a training set using the kill matrix
K: test results per mutant T; are transformed into ar,, and the class is labelled based on the method

where the mutant is located.

« Location of

¢ Mutant
(Training) Mutgr‘_lt
(Training)
+ Fault ;
(Serving) ¢ Location of
9 Fault (Serving)
[Input] [Output]

Figure 3.2: Illustration of MLP training and serving

We train representative linear and non-linear classifiers using Logistic Regression (LR) and Multi-
Layer Perceptron (MLP) [82, 83]. For our study, we use a vanilla MLP that consists of one input layer,
one hidden layer with 50 neurons, and one output layer, as shown in Figure 3.2. In the serving phase,
we use the suspiciousness score of each program element, which is obtained before the model computes
the most suspicious method. Only using the observed failures, we can compose 0-1 vectors (i.e., LR(F)
and MLP(F)), or compose 0-1 vectors by including the information of passing tests (i.e., LR(F+P) and
MLP(F+P)). Note that, unlike the Bayesian inference models described in Sections 3.2.2 and 3.2.2,
training these classifiers requires additional analysis cost to SIMFL, although the training cost of these

models is much lower than the cost of mutation analysis.



Ranking Model Based on Probabilistic Coupling

All SIMFL models are intuitive based on the concept of coupling effect. We now exploit the strict
definition of the mutant-fault coupling to build a new model based on probabilistic coupling [77], which
aims to quantify the degree of coupling between mutants and faults. A mutant is said to be coupled
to a fault if the tests that kill the mutant can also kill (i.e., detect) the fault. That is, if the mutant
dynamically subsumes the fault, we call the mutant is perfectly coupled to the fault [17]. Adopting this
subsumption relationship for FL, we focus on the mutants coupled with the faults: the stronger mutants
are coupled to a fault, the more likely they are to be closer to the fault.

Probabilistic coupling extends the notion of perfect coupling by considering a probabilistic detection
of faults in order to precisely estimate the fault-revealing capability of mutants [77]. Even if the mutant
does not, subsume the fault, it can be probabilistically coupled to the faults if at least some tests that
kill the mutant are also able to detect the faults. In the following, we illustrate the example cases of the
perfect coupling and probabilistic coupling, as well as how we model them as scores to rank the likely

fault locations.

1. Perfect coupling: Let us assume that to and ¢3 in Table 3.1 are fault revealing tests (i.e., failing tests).
From the view of the subsumption, msy is perfectly coupled to the fault because it is detected by #3

but the fault is detected by both t5 and #3.

2. Probabilistic coupling: On the other hand, mutant m; does not subsume the fault (i.e., not perfectly
coupled). However, as it is detected by fo, there is a possibility that m; is coupled to the fault if my

is detected by t5 and also the fault if detected by ts.

Based on these two notions, we define a new model called PC that rewards mutants coupled to the

faults. The score of each mutant is computed as follows:

1, ifK,, CT,
pe(m) = § oDl if K, ¢ T and [K,, 0Ty > 0 (3.10)
0, otherwise.

The full score (i.e., 1) is given to the perfectly coupled mutant, the partial score is given to the
probabilistically coupled mutant, and no score is given to the decoupled mutant (i.e., 0). We aggregate
the mutants in the same method by summing up their scores to compute a method-level FL score. Note
that the notion of probabilistic coupling cannot be defined if we only consider the failing tests. Therefore

we only present PC(F+P) model as follows:

PC(F+P) = argmax Y pc(m) (3.11)

v meXei

3.3 Experimental Design

This section describes the design of our empirical evaluation, including the way we use DEFECTS4J

benchmark, the research questions, as well as other environmental factors.
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3.3.1 Protocol

One foundational assumption of SIMFL is that existing test cases can be fault revealing also for
future changes. That is, for future faults to which SIMFL will be applied, test cases that would reveal
them are available at the time of the ahead-of-time mutation analysis. We believe this is a likely scenario
mainly in two contexts: regression faults, which are defined as failures of existing test cases, and pre-
commit testing, for which developers depend on existing test cases for a sanity check. SIMFL is designed
to reduce the cost of MBFL for these scenarios.!

However, this makes realistic experiments on real-world data challenging since a majority of failure
triggering changes are not likely to have been committed to the main branch of the Version Control
System (VCS): one of the purposes of Continuous Integration is to prevent such commits [84]. Conse-
quently, fault benchmarks, such as DEFECTS4J, contain faults that have been reported externally (e.g.,
from issue tracking systems), and provide fault revealing test cases that have been added to the VCS
with the patch itself [78]. This presents a challenge for the realistic evaluation of SIMFL in the context
it was designed for. To address this issue, we introduce three experimental protocols, Faulty Commit
Emulation (FCE), Test Existence Emulation (TEE), and Kill Matrix Prediction (KMP).

Faulty Commit Emulation (FCE)

This scenario emulates a faulty commit that would trigger failures of existing test cases simply by
reversing a fix patch in DErEcTS4J. We take the fixed version (Vy;,) in DEFECTS4J as the reference
version and performs the mutation analysis, including the test cases from the same version. Subsequently,
we reverse the fix patch, execute the same test cases, and try to localise the fault using the results with
SIMFL.

We argue that this is more realistic than injecting mutation faults artificially to evaluate SIMFL.
Since mutants are exactly what SIMFL uses to build its models, SIMFL may unfairly benefit if evaluated
using mutants as faults. Instead, we emulate faulty commits using faults that some developers actually
had introduced in real-world software. Existing work on test data generation has also used the fixed
version as the reference version, against which a test generation tool is applied. The reversed fix patch
is then used to emulate regression faults for the evaluation of the generated tests [85, 76]. Our approach
with FCE is similar in the sense that we analyse the fixed version first, then use the outcome to localise

the emulated regression fault.

Test Existence Emulation (TEE)

This scenario uses original faulty commits that led to the faulty versions (Vj,4) in DEFECTS4J,
but simply pretends that the fault revealing test cases existed earlier. We have checked whether the
fault revealing test cases in DEFECTS4J can be executed against versions that precede the actual faulty
version. Since system specifications evolve over time, executing a future test case against past versions
is not always successful: we have identified 28 previous versions for which the future fault revealing test
cases can be executed and do not fail. We use these 28 versions as references, and use their mutation
analysis results to localise the corresponding faults that happened later. Compared to FCE, TEE follows

the ground truth code changes, and only assumes the earlier existence of fault revealing test cases. We

T Although we do note that the more mature a software system is and the stronger and more complete its test suite is,

the more likely it is that these conditions hold and thus that the proposed approach can be useful.
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use TEE to complement the FCE scenario. Specifically, TEE can evaluate whether training SIMFL

models with kill matrices of earlier versions degrades its localisation accuracy.

Kill Matrix Prediction (KMP)

Lastly, we present a new scenario that is free from the pre-existence of failing tests. The basic
idea is to utilise a predicted kill matrix inferred by Seshat [9], a predictive mutation analysis technique
producing an entire kill matrix. Having learnt from the kill matrix computed from a past version, Seshat
can predict the kill matrix of the current version based on the syntactic and semantic features in source
code, test code, and mutant. Most importantly, Seshat can predict the kill results of test cases that are
introduced after the reference version from whose kill matrix Seshat learnt from. That is, this scenario
using Seshat does not care about the pre-existence of failing tests. For example, to locate the faults of
Lang programs, we first take the oldest version of them as the reference version, i.e., Vy;, of Lang 652
Then using Seshat, we predict the kill matrix of the faulty version which is more recent version than
Lang 65, e.g., Vi of Lang 30. Next, we train the SIMFL models based on the predicted kill matrix
of Viug of Lang 30, and produce a ranked list of likely faulty locations. Note that we do use Vi, of
Lang 65 to predict the faults of V4,4 of Lang 65, which is what FCE does.

Building Kill Matricies for FCE and TEE

Building a full kill matrix requires huge computational cost: mutation analysis on all versions of
Closure using Major exceeded our 24 hours timeout, and other subject programs also required significant
amounts of analysis time. To address this practical concern, for empirical evaluation, we have constructed
the kill matrix using only the relevant test cases as defined by DEFECTS4J?, which include the failing
test cases as well as any passing test cases that makes the JVM to load at least one of the classes modified
by the fault introducing commit.

Note that this procedure has been adopted strictly to reduce experimental cost. Since we only have
the kill matrix for the relevant test cases, models that use F+P test cases actually use the full set of
relevant test cases. However, if construction of the full kill matrix is feasible, the same input used by
SIMFL is naturally available. The F+P models can be trained either using the full set of test cases
(increased training cost but also richer input information), or using the relevant test cases (relevancy
information is still cheaper than full coverage instrumentation). We argue that, in general, the limitation
to only the relevant test cases is a conservative one and should reduce rather than improve the fault

localisation accuracy of SIMFL since other test cases could also be informative for its statistical models.

Building Kill Matricies for KMP

Inputs for training Seshat include the full kill matrix and the tokens of source and test code, meaning
that Seshat has the same problem raised in Section 3.3.1 that requires substantial costs for computing
full kill matrix. Thus we exclude all versions of Closure that did not halt within a given timeout. Also,
we exclude all versions of Time to obtain the full kill matrix using all tests. Compared to FCE that uses
relevant test cases by DEFECTS4J, we believe that it is important for Seshat to be trained on a diverse

and large set of tests to retain its predictive power on unseen source code and tests.

2We denote version numbers of Lang programs by the identifier numbers used in DEFECTS4.J.
3See https://github.com/rjust/defects4j/tree/v1.3.1#export-version-specific-properties
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We select the reference model as the oldest fixed version of each project, e.g., Vi, of Lang 65 or
Math 106. They are used to train Seshat and later used to predict the full kill matrix of target buggy

version.

Using Test Runtime Information

The use case of SIMFL assumes that, while the actual mutation analysis can be performed in
advance, the inference models are trained after the observation of a failure (see 3.1). In practice, the
observation of the behaviour of the failing test cases can provide information that is beyond the mutation
analysis. Consequently, we exploit this additional information by collecting coverage reports of failing
test cases using Cobertura. We then exclude any methods and mutants that are not covered by the

failing test cases from model training and the final ranking.

Table 3.2: Subject Programs in DEFECTS4.]

Subject ‘ # Faults kLoC # Methods # Mutants # Test cases
Commons-lang (Lang) 65 50 1,527 21,178 2,245
JFreeChart (Chart) 26 132 4,903 75,985 2,205
Joda-Time (Time) 27 105 1,946 21,689 4,130
Closure compiler (Closure) 133 216 5,038 58,515 7,927
Commons-math (Math) 106 104 2,713 79,428 3,602
Total ‘ 357 607 16,126 256,792 20,109

3.3.2 Subject Programs

In our study, we use 357 versions of five different programs from the DEFECTS4J version 1.3.1.
They provide reproducible and isolated faults of real-world programs. Table 3.2 summarises the subject
programs we used with the average number of generated mutants, methods, lines of code, and test cases
across all faults belonging to each subject respectively. We could not include Mockito as we failed to
compile the majority of its versions and their mutants using the build script provided by DEFECTS4J on

Docker containers.

3.3.3 Research Questions

RQ1. Localisation Effectiveness on FCE: Does the models of SIMFL produce accurate fault local-
isation compared to the state-of-the-art FL techniques? RQ1 is answered by computing the standard
evaluation metrics on the eight models of SIMFL under the FCE scenario outlined in Section 3.3.1. We
compare SIMFL with two MBFL techniques (MUSE and Metallaxis), two SBFL techniques (Ochiai and
DStar), and two learning-to-rank based FL techniques (TraPT and FLUCCS).

RQ2. Model Viability on TEE: How well does SIMFL hold up when applied using models built
earlier? RQ2 is answered by computing the standard evaluation metrics using prior models built under

the TEE scenario outlined in Section 3.3.1.

RQ3. Localisation Effectiveness on KMP: How well does SIMFL localise faults when it uses the

predicted kill matriz inferred by Seshat? To answer RQ3, we conduct the same experiment with RQ1,

39



but with the kill matrices predicted by Seshat. We report standard evaluation metrics and investigate

the effects of using predicted kill matrices.

RQ4. Effects of Sampling: What is the impact of mutation sampling to the effectiveness of SIMFL?
Since the cost of mutation analysis is the major component of the cost of SIMFL, we investigate how
much impact different mutation sampling rates have. We evaluate two different sampling techniques:
uniform random sampling, which samples from the pool of all mutants uniformly, and stratified sampling,

which samples as the equal number of mutants from each method as possible.

RQ5. Effects of Subsumed Mutants: What is the impact of subsumed mutants to SIMFL models?
As we suspect that the subsumed mutants would inflate the method-level aggregation of SIMFL scores,

we study the impact of removing the subsumed mutants by comparing acc@n scores with RQ1 results.

3.3.4 Evaluation Metrics and Tie Breaking

We use three standard evaluation metrics:

e acc@n: counts the number of faults located within top n ranks. We report acc@l, acc@Q3, acc@5,
and acc@10. If a fault is patched across multiple methods, we take the highest ranked method to

compute accQn.

o wef: approximates the amount of efforts wasted by developer while investigating non-faulty methods
[+ app y p gating y

that are ranked higher than the faulty method.

e Mean Average Precision (MAP): measures the mean of the average precision values for a group of all
faults. For each fault, when each faulty program elements are ranked at R = {rq,...,r,}, where r;
is the higher rank than r;; 1, the average precision is calculated as ﬁ S TL The faulty methods

not retrieved get a precision score of zero.

If multiple program elements have the same score, resulting in the same rank, we break the tie using

max tie breaker that places all program elements with the same score at the lowest rank.

3.3.5 Mutation Tool and Operators

In the study, we use Major version 1.3.4 [79] as our mutation analysis tool, and choose all mutation
operators in Major. Note that some operators had to be turned off for specific classes so that Major

does not generate an exceptionally large number of mutants.*

3.4 Results

3.4.1 Localisation Effectiveness on FCE (RQ1)

We start by comparing different SIMFL models. Subsequently, using the best SIMFL model, we

compare SIMFL to the state-of-the-art fault localisation techniques.

4Due to the internal design of Major, some classes that yield too many mutants may lead to the violation of bytecode

length limit imposed by Java compiler. See for technical details.
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Table 3.3: Effectiveness of SIMFL models on FCE scenario.

Model | Project Total acc wef MAP | Model | Project Total acc wef MAP
Studied | @1 @3 @5 @10 | med Studied @1 @3 @5 @10 | med

Lang 65| 35 a5 a7 48| 0.0 | 0.6176 Lang 65| 36 41 43 44| 0.0 05922
Chart 26| 6 11 13 15| 50| 03204 Chart 6| 6 9 10 11270/ 02017
EM | Time 27 4 9 9 13| 85| 02451 | EM | Time 27| 10 13 14 15| 30| 03819
)| Closure 13310 31 41 57170 01753 | FFP) | Closure I ; .
Math 106 | 22 43 53 71| 40| 03404 Math 06| 32 45 47 49| 3.0 0.4098

| Total 37| 77 139 163 204 | \ | Total 224 | 84 108 114 119 |
Lang 65| 38 47 51 53| 0.0 0.6732 Lang 65| 27 36 37 42| 10] 05264
Chart 26| 6 11 13 16| 50| 0.3562 Chart 6| 7 9 12 14| 60/ 03598
PM* | Time 27| 4 10 10 13| 80| 0.2549 | PM* | Time 27 1 3 4 12160 | 0.1172
F) | Closure 13311 36 50 66| 95| 01982 | FHP) | closure . S ; .
Math 106 | 23 47 59 77| 35| 03753 Math 106 | 14 26 33 42| 12.0 | 0.2460

| Total 357 | 82 151 183 225 | \ | Total 24| 49 74 86 110 |
Lang 65| 40 48 52 53| 0.0 06977 Lang 65| 19 31 33 37| 20/ 04201
Chart 26| 6 10 13 19| 4.0 | 0.3697 Chart 26| 5 9 12 13| 80| 02712
PM* | Time 27 10 10 13| 80| 02564 | PM* | Time 27| 0 2 3 5405 | 0.0616
F) | Closure 133112 41 52 65| 11.0 | 02005 | F+P) | Closure N : . . . -
Math 106 | 24 46 59 77| 4.0 | 0.3845 Math 106 9 15 20 29230 01574

| Total 357 | 86 155 186 227 | \ | Total 24| 33 57 65 84|
Lang 65|41 49 53 55| 0.0]0.7179 Lang 65| 40 49 51 53| 0.0 07017
Chart 26| 5 9 12 14| 60| 03175 Chart %| 8 14 14 16| 2.0| 04194
LR | Time 27| 4 10 12 14| 55| 02668 | LR Time 27| 8 14 17 19| 20| 0.4094
F) | Closure 13312 37 50 68| 9.00.2074 | FP) | Closure N ; ; .
Math 106 | 28 47 59 75| 3.0| 0.3976 Math 106 32 43 47 51| 3.0 0.4066

| Total 357 | 90 152 186 226 | | | Total 24| 88 120 129 139 |
Lang 65| 30 51 53 55| 0.0/ 07052 Lang 65| 48 55 56 56| 0.0/ 0.7882
Chart 26| 5 10 12 15| 6.0 03319 Chart 26| 9 13 15 19| 20| 04477
MLP | Time 27| 4 10 12 14| 5.0|0.2710 | MLP | Time 27| 11 16 18 24| 1.0 | 0.4847
) Closure 133 11 33 41 60| 120 oasss | FHP) | Closure O . .
Math 06| 26 46 62 79| 3.0 | 0.3941 Math 06| 45 61 70 82| 1.0 0.5194

| Total 357 | 85 150 180 223 | \ | Total 224 [ 113 145 159 181 |
Lang 65| 42 51 51 54 0.0 07323
Chart 26| 10 16 17 22| 1.0 0.5389
PC Time 27| 7 15 18 21| 20| 04133
(F+P) Closure - - - - - - -
Math 06| 37 61 71 81| 15| 04934

\ | Total 24| 96 143 157 178 |

Comparison Between SIMFL Models

Table 3.3 shows the results of each evaluation metric for all studied faults, following the FCE scenario.
The numbers X (Y) in the column ”Total Studied” represent the number of faults that we can localise
(X), and the number of faults provided by DEFECTs4J (Y). Evaluation metric values representing
the best outcome (i.e., the largest acc@n and MAP, and the smallest wef) are typeset in bold. See
Section 3.3.2 for the details of exclusion criteria we used: note that more faults are excluded from the
study of F+P models shown on the right.

Overall, MLP(F+P) shows the best performance in terms of acc@n metrics, placing 48 out of 61
faults at the first place for Lang, and 45 out of 91 faults at the first place for Math. Considering that
MLP(F+P) is evaluated on fewer faults (203) than MLP(F) (348), the result suggests that MLP(F+P)

shows better performance on average.
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We argue that including results of passing tests gives richer information when compared to only using
results of failing tests. However, we also note that only MLP significantly benefits from the additional
information: MLP(F+P) places 28 more faults at the top than MLP(F). Two linear models, LR(F) and
LR(F+P), on the other hand, do not show any significant difference in performance. This suggests that
exploiting this information requires more sophisticated, non-linear inference methods.

The reason that PM™(F) shows comparable results to MLP(F) may be that it is relatively easy
to simply count the matching patterns of failing tests, which are much rarer than passing tests. We
also note that PM*(F) and PM™(F) both produce better results than EM(F), suggesting that partial
matches are better than exact matches. This is because even the fault revealing test case may not be
able to kill all mutations applied to the location of the fault. In such a case, the EM(F) model will lose
the information, while the PM(F) models will benefit from other killed mutants from the same location.

Finally, the addition of passing test information to PM models actually degrades the performance
significantly, as the metrics for PM*(F+P) and PM T (F+P) show. Partially matching test cases that did
not fail against the faulty version with test cases that did not kill mutants at the location of the fault
will directly dilute the signal, as failing tests and killed mutants are likely to provide more information

about the location of the fault in general.
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Figure 3.3: Comparison to other FL techniques: acc@n metric values without counts of Closure

Comparison to Other FL Techniques

To gain some insights into the trade-off between amortised modelling efforts and localisation ac-
curacy, we compare the method-level fault localisation results of the state-of-the-art MBFL and SBFL
techniques, the result of which is shown in 3.3. We obtained the performance of the each model (i.e.,
acc@n) on DEFECTS4J from the literatures, and artefact of Zou et al. [86]. Based on the results of the
comparison between SIMFL models, we choose MLP(F+P) to represent SIMFL. However, since Closure

has been excluded from the evaluation of F+P models, we have excluded Closure from the results of
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other techniques for a fair comparison.

3.3 shows that MLP(F+P) is better than other techniques in terms of acc@1, but TraPT performs
better in terms of acc@3 and acc@5. Although SIMFL does not make use of learning-to-rank technique to
boost performance by fully including runtime information or suspiciousness scores of other FL techniques,
SIMFL localises faults at the top better than others, and shows comparable results to the learning-to-rank
techniques: FLUCCS and TraPT.

Answer to RQ1: SIMFL can localise faults accurately compared to the existing techniques:
SIMFL places up to 25.86% (90 of 348 for LR(F)) of studied faults at the top using F models, and
55.67% (113 of 203 for MLP(F+P)) of studied faults at the top using F+P models.

Table 3.4: Viability of F models using TEE scenario. The ranks that do not have the same ranks with
FCE are typeset in bold.

Fault Commit Rank Fault Commit Rank
(Arev.) EM PM* PM* LR MLP (Arev.) EM PM* PM*T LR MLP
21 FCE Rank 2 2 2 2 46 | FCE Rank 188 188 188 47 85
32al2ba (2) 2 2 2 2 bbbsele (1) 188 188 188 35 47
43a5523 (3) 2 2 2 2 37680e2 (2) 188 188 188 35 47
61 | FCE Rank 7 5 5 6 1861674 (3) 188 188 188 35 27
£5529dd (3) 7 5 B4 46 fobl2de (4) 188 1 1 3 1
b12d1d6 (4) 7 5 5 6 8581b76 (5) 188 188 188 35 41
245362a (7) 7 4 5 5 7 89 | FCE Rank 13 13 13 3 7
o 8abd1d9 (8) 7 4 5 5 8 = 43336b0 (1) 12 12 12 2 3
=1 re)
5 37b0elb (9) 7 4 5 5 6 ﬁ cdd62a0 (2) 14 14 14 2 5
O
62 FCE Rank 1 1 1 1 1 90439¢5 (3) 13 13 13 8 11
45362a (2) 1 1 1 1 1 36a8485 (4) 13 13 13 8 13
8abd1d9 (3) 1 1 1 1 1 dbe7842 (5) 13 13 13 8 7
37h0elb(4) 1 1 1 1 1 d84a587 (6) 13 13 13 8 12
115 | FCE Rank 14 22 24 19 11 d27e072 (7) 13 13 13 8 10
b9262dc (5) 14 19 22 18 13 3590bdc (8) 13 13 13 8 8
911b2d6 (6) 14 22 24 19 12 6b108c0 (9) 13 13 13 8 13
120 | FCE Rank 7 7 7 6 6 9¢55428 (10) 13 13 13 8 12
2aee3be (3) 24 24 24 15 16

3.4.2 Model Viability on TEE (RQ2)

Following the TEE scenario described in Section 3.3.1, we seek reference versions preceding the faulty
version, i.e., the versions before the faulty version that pass all test cases of the fixed program, including
the fault revealing test cases. Assuming that more recent versions are more likely to serve as references,
given a faulty version n, we check n — 1, ..., n — 10, n — 20, and n — 30 previous program versions, as
it is impractical to inspect all of them. Starting from 357 faulty versions of subject programs, we found
28 preceding reference versions that correspond to seven different faulty versions. We have trained five

F models on each of the 28 reference versions to localise the fault in the faulty version, resulting in 140
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rankings based on TEE scenario. Note that we did not consider F+P models on these reference versions
because they require more than 24 hours for mutation analysis, as described in Section 3.3.2.

Table 3.4 shows the rank of the faulty method for each F model built on each preceding reference
version. Out of 140 TEE based rankings produced by F models, 103 are identical to the corresponding
FCE ranking. One notable exception is Math 46 (f0bl12de) that shows a significant improvement over
the FCE scenario rank. We have manually examined the kill matrix of this reference version, and found
that some mutants in the future faulty method have been additionally killed due to timeout (enforced by
Major itself), contributing to the high rank (these mutants were not killed in other preceding reference
versions of Math 46). We suspect that this is due to the non-determinism in the process of building the
kill matrix: the mutation may have brought in flakiness that has been removed for the original program.
We study the impact of different kill reasons in Section 3.5.3, and furthermore discuss this as one of the

threats to internal validity in 3.6.

Answer to RQ2: Performances of SIMFL using models built with preceding reference versions
tend to be stable when compared to the FCE results: only 19 out of 140 cases show degraded

performance since we used less recent mutation analysis results.

Table 3.5: Effectiveness of SIMFL models on KMP scenario, using all tests.

Model ‘ Total ‘ acc@l1 acc@Q3 acc@b acc@10

EM(F) 194 57 ~—20 | 95 —44 | 108 —55 | 122 —82
PM*(F) 194 61 —21 | 101 =50-|-114 —69 | 131 —94
PM™*(F) 194 | 60 26| 104 51| 119 67 | 134 93
LR(F) 194 63 27| 104 -48 | 116 -70 | 134 -92
MLP(F) 194 66 -19 | 106 —44 | 120 -60 | 140 -83

EM(F+P) | 194 35 49| 57 51| 65 49| 82 37
PM*(F+P) | 194 53 +4 | 76 42| 90 4 | 107 -3
PM™(F+P) | 194 66 33| 96 +39 | 119 451 | 138 454
LR(F+P) 194 196 +8 | 122 42 | 133 +4 | 145  +6
MLP(F+P) | 194 95 -—18 | 125 —20 | 132 —27 | 150 -31
PC(F+P) 194 93 3| 132 11| 137 20| 148 30

Table 3.6: Effectiveness of SIMFL models on KMP scenario, using relevant tests.

Model ‘ Total ‘ acc@l acc@3 acc@b acc@10

EM(F+P) 194 39 45| 64 44| 77T 37| 94 25
PM*(F+P) | 194 61 +12 91  +17 | 108  +22 | 131  +21
PM*(F+P) | 194 66 33| 99 a2 | 114 446 | 139 +55
LR(F+P) 194 63 -25| 94 -—26 | 112 —17 | 128 -—11
MLP(F+P) | 194 81 -—32] 109 -36 | 121 -38 | 143 -38
PC(F+P) 194 71 -25 1109 -34 | 121 36 | 137 41
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3.4.3 Localisation Effectiveness on KMP (RQ3)

We compute the scores of SIMFL models by following the KMP scenario that uses a predictive kill
matrix by Seshat. Table 3.5 shows the aggregated numbers of each acc@n metric as well as the difference
with the results of the FCE scenario shown in Table 3.3. If the KMP scenario was better than the FCE
scenario, we mark the differences with a plus sign, and if not, we mark them with a minus sign.

The most noticeable results in Table 3.5 is that, in case of some models, SIMFL with predicted kill
matrices outperforms SIMFL with actual kill matrices. This seemingly counter-intuitive result is due to
the way inaccurate predictions of Seshat affects SIMFL. Suppose Seshat predicts the kill matrix with
the bias of more kills: this may result in an increased number of killed mutants in the faulty method,
increasing its ranking score in turn. On the other hand, if Seshat predicts the kill matrix with the
bias of fewer kills, it will result in the decreased number of killed mutants in the non-faulty methods,
having a similar effect as that of passing test reducing the suspiciousness of the parts of the program
they cover. Notably, this effect occurs strongly in partial models. In contrast, the performance of EM
model degrades significantly. This is because, if SIMFL is to perform well, Seshat has to make a perfectly
accurate prediction for the mutants in both the faulty method (to match F) and the non-faulty methods
(to match P). Interestingly, the performance improvement from Seshat only applies to F+P models,
suggesting that the support from P matches has a significant effect on the performance of SIMFL, as
confirmed in RQ1.

Note that, in RQ1, SIMFL uses only relevant tests as defined by DEFECTS4J. However, the results
in Table 3.5 is produced by predicting the entire kill matrices including all tests, meaning that SIMFL
with Seshat has more information to localise faults. To investigate the impact of this difference, we
also conducted the experiment for RQ3 by only predicting the kill matrix for relevant test cases using
Seshat, the results of which are listed in Table 3.6. We can only use F+P models for this experiment,
as the set of relevant tests includes both failing and passing tests. The acc@n metrics produced with
relevant tests are slightly degraded, but the overall trend remains the same: the performance of partial
matching models either remains the same or slightly improved, but the performance of others degraded.
Interestingly, the performance of EM(F+P) model is better when using relevant tests: since there are

fewer tests to achieve exact match, it becomes easier to score high with EM(F+P) model.

Answer to RQ3: Kill matrix prediction can be successfully used with SIMFL to handle test

cases that are introduced after the reference version.

3.4.4 Effects of Sampling (RQ4)

To investigate how the mutation sampling rates affect the performance of SIMFL, we attempt to
localise the studied faults using mutants sampled with different rates. Table 3.7 (left side) shows the
uniform sampling results with rates of 0.1, 0.3, 0.5, and 0.7: all metric values are averaged across 20
different samples. Table 3.7 also includes the results obtained without sampling (Full). The best results
are typeset in bold.

As expected, the Full configuration often shows the best performance, followed by sampling rates
of 0.7 and 0.5. Since we expect different mutants to contribute different amounts of information to
localisation, we do not find it surprising that sampling rates down to 0.5 show comparable results with

the Full configuration. However, the performance does not degrade at the same rate as the sampling
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Table 3.7: Uniform and stratified random sampling

Ratio | Model Total acc N ace
Studied @t @3 @b @10 | (Ratio) @t @3 @s @10
EM(F) 357 59.80 95.35  111.05  136.70 36.50 65.05 83.70  116.30
PM*(F) 357 66.55 107.85 126.55 159.35 40.95 74.75 94.95 133.20
PM™*(F) 357 68.40 108.50 128.50 162.25 40.05 75.00 97.25 134.20
LR(F) 357 7175 12150  146.85  180.20 49.15 91.10  116.80  156.55
MLP(F) 357 76.70 120.05 142.40 177.75 5 49.90 88.85 115.40 151.05
0.1 EM(F+P) 224 46.35 56.55 62.10 70.75 (0.27) 39.50 57.05 64.20 69.10
PM*(F+P) 224 45.45 66.65 78.90 95.30 65.70 100.25 111.70 127.95
PM*(F+P) 224 29.35 52.45 64.10 78.80 39.55 52.45 62.70 81.95
LR(F+P) 224 70.70 93.30  104.30  117.10 75.95  114.40 12830  146.05
MLP(F+P) 224 83.60 111.30 122.10 139.60 78.15 118.20 134.50 152.00
PC(F+P) 224 82.40 112.30 123.50 139.60 70.20 113.25 129.65 147.10
EM(F) 357 72.25 118.55 137.40 172.75 45.60 80.95 106.15 145.50
PM*(F) 357 78.90 132.15 156.25 196.20 49.65 93.50 122.15 161.40
PM*(F) 357 83.45 133.70 159.40  200.40 53.65 93.00 120.20 162.60
LR(F) 357 84.85  142.15  166.65  204.90 59.95  106.60  136.50  179.05
MLP(F) 357 82.45 139.40 164.10  202.50 10 56.90 102.60 132.55 174.10
0.3 EM(F+P) 224 66.70 82.35 89.25 95.40 (0.41) 50.60 74.00 80.85 85.50
PM*(F+P) 224 47.80 71.40 83.35  104.75 7445  106.35  120.15  140.65
PM*(F+P) 224 31.75 55.45 67.70 82.75 39.20 55.05 67.20 81.65
LR(F+P) 224 81.95 107.60 116.40 131.50 82.15 115.90 128.80 146.70
MLP(F+P) 224 101.55 132.20 143.40 159.85 89.70 126.35 141.60 161.45
PC(F+P) 224 95.20 133.30 144.95 162.90 84.15 127.90 144.40 163.25
EM(F) 357 75.90 128.30 149.35 188.55 53.60 96.70 122.20 160.65
PM*(F) 357 82.90 141.80 168.85  211.15 58.70 110.10 139.65 177.95
PM*(F) 357 86.30 143.80 173.60  215.20 62.20 109.15 142.75 182.70
LR(F) 357 88.75 145.90 175.75  216.65 66.70 118.30 152.35 190.90
MLP(F) 357 84.70 146.00 170.95  212.80 63.05 114.25 146.00 187.10
0.5 EM(F+P) 224 73.90 93.10 100.05 106.50 %(?50) 57.35 82.65 89.45 94.75
PM*(F+P) 224 47.55 72.70 84.20 108.00 78.75 109.90 123.30 141.50
PM*(F+P) 224 32.70 57.00 68.65 83.30 42.15 61.45 71.60 82.15
LR(F+P) 224 86.35 112.15 121.75 135.20 86.95 116.95 129.70 148.35
MLP(F+P) 224 104.90 138.65 151.35 166.70 94.80 134.60 147.95 163.60
PC(F+P) 224 98.10 138.85 151.80 170.05 91.85 133.85 151.30 169.95
EM(F) 357 78.05 133.55 156.30 194.60 55.80 105.80 133.25 172.90
PM*(F) 357 84.80 147.75 175.60  216.90 64.95 121.45 153.75 193.75
PM*(F) 357 88.15 150.05 177.85  219.30 70.05 124.10 156.30 195.10
LR(F) 357 89.65 148.50 179.85  221.25 74.35 127.05 162.95 200.15
MLP(F) 357 84.30 144.60 173.40  214.85 20 69.70 124.70 158.15 196.60
0.7 EM(F+P) 224 78.05 98.85 106.05 112.15 (0.56) 62.50 88.05 94.05 100.55
PM*(F+P) 224 48.30 73.60 83.95 108.35 81.55 110.15 125.50 142.60
PM*(F+P) 224 32.90 57.20 68.10 83.40 40.55 62.40 69.05 81.65
LR(F+P) 224 87.20 115.20 125.15 137.85 90.70 118.60 131.60 148.90
MLP(F+P) 224 108.45 142.55 155.30 170.20 98.25 138.20 150.00 165.90
PC(F+P) 224 99.75 142.30 155.30 174.35 97.25 137.75 152.75 172.95
EM(F) 357 77.00 139.00 164.00 204.00 77.00 139.00 164.00 204.00
PM*(F) 357 82.00 151.00 183.00 224.00 82.00 151.00 183.00 224.00
PM*(F) 357 86.00 155.00 186.00 227.00 86.00 155.00 186.00 227.00
LR(F) 357 90.00 152.00 186.00 226.00 90.00 152.00 186.00 226.00
MLP(F) 357 85.00 150.00 180.00 223.00 85.00 150.00 180.00 223.00
Full EM(F+P) 224 84.00 108.00 114.00 119.00 | Full 84.00 108.00 114.00 119.00
PM*(F+P) 224 49.00 74.00 86.00 110.00 49.00 74.00 86.00 110.00
PM*(F+P) 224 33.00 57.00 68.00 84.00 33.00 57.00 68.00 84.00
LR(F+P) 224 88.00 120.00 129.00 139.00 88.00 120.00 129.00 139.00
MLP(F+P) 224 | 113.00 145.00 159.00 181.00 113.00 145.00 159.00 181.00
PC(F+P) 224 96.00 143.00 157.00 178.00 96.00 143.00 157.00 178.00
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rate, as can be seen from the results obtained using the sampling rate of 0.1.

Since larger methods are likely to produce more mutants, uniform sampling will effectively sample
more mutants for larger methods. We investigate whether this is disadvantageous for relatively smaller
methods by evaluating stratified sampling: given the threshold parameter N, stratified sampling ran-
domly chooses only N mutants from methods with more than N mutants, and chooses all mutants if
their number is below N. Table 3.7 (right side) contains the results obtained using stratified mutant
sampling with N € {5,10,15,20}. The value in the parenthesis, i.e., “Ratio”, is the average ratio of the
number of mutants sampled by stratified sampling to the number of all mutants.

Compared to the Full configuration, the performance degradation as N decreases is notably worse
than what has been observed from the results of uniform random sampling. However, even with N = 5,
the sample ratio is 0.27 on average, higher than the smallest sampling rate for the uniform sampling.
The comparison suggests that, contrary to our concern for a potential bias against smaller methods,
stratified sampling is actually harmful to SIMFL. One interpretation of the result is that, if we assume
that the location of a fault is a random variable, larger methods are by definition more likely to contain
it.

Answer to RQ4: The impact of mutation sampling is observable but not too disruptive.
Using uniform sampling, on average 80% of the faults ranked at the top without sampling can still
be localised at the top. However, stratified sampling actually harms SIMFL: larger methods need

to be represented by more mutants.

Table 3.8: The effects of removing subsumed mutants.

Model ‘ Total ‘ acc@l acc@3 acc@b acc@10

EM(F) 357 92 +15 | 129 —10 | 144 -—19 | 164 —40
PM*(F) 357 126 +44 | 173 +22 | 191 48 | 211  —14
PM*(F) 357 123 +37 | 170 +15 | 189  +3 | 208 —19
LR(F) 357 122 432 | 170 +18 | 184 2 | 216 10
MLP(F) 357 136 +51 | 183  +33 | 206 +26 | 230 47

EM(F+P) | 224 75 9| 96 12| 106 -8 | 115 4
PM*(F+P) | 224 71 422 | 110 +36 | 123 +37 | 143 +33
PM*(F+P) | 224 44 11| 91 434 | 107 439 | 139 455
LR(F+P) 224 103 +15 | 134 414 | 145 +16 | 156 +17
MLP(F+P) | 224 119 +6 | 150  +5 | 157 -2 | 168 13
PC(F+P) 224 102 +6 | 134 -9 | 145 -—12 | 155 -23

3.4.5 Effects of Subsumed Mutants (RQ5)

It has been pointed out that mutation tools generate numerous subsumed and redundant mutants,
resulting in a mutation score to be easily misunderstood [80, 81]. As the killing of the subsuming mutants
always accompany the killing of their subsumed mutants, this problem not only inflates the mutation

score but also inflate our method-level FL scores by SIMFL models. We investigate the effects of removing
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subsumed mutants. First, we identify the most subsuming mutants [87], which are located at the top of
DMSG (Dynamic Mutant Subsumption Graph) [81] and are not subsumed by other mutants except their
indistinguishable mutants.® Next, we conduct RQ1 study using only subsuming mutants and compare
acc@n with the results of the original RQ1 study that uses all mutants.

As shown in Table 3.8, acc@1 of all models except EM(F+P) largely improved: MLP(F) localised
51 more faults at the top compared to the model using all mutants. The reason EM(F+P) worsened
for all acc@n is that the subsuming mutants are likely to be killed by a few tests and they eliminate
subsumed mutants needed for exact matching. This reason also explains why the overall acc@n of F

models improved more than F+P models.

Answer to RQ5: Although we used fewer mutants, removing subsumed mutants brings posi-
tive effects to SIMFL models by increasing the number of faults located at the top up to 51, compared

to using all mutants.
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Figure 3.4: Comparison of MLP(F+P) and other FL techniques.

5The two mutants are said to be indistinguishable if they have the same test results for all tests.
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3.5 Discussion

3.5.1 Relation with Other FL Techniques

Two FL techniques can be complementary to each other if there is little overlap between faults ranked
highly by each technique. To investigate whether the contribution of SIMFL is uniquely different from
others, we investigate how individual faults are ranked differently by SIMFL and other FL techniques.
SIMFL is represented by the MLP(F+P) model. We omit TraPT from this comparison as the individual
rank information was not available from the paper; DStar is also excluded as its results are very similar
to that of Ochiai.

Figure 3.4 plots each individual fault according to its rank by MLP(F+P) of SIMFL (z-axis) and
its rank by the other FL technique (y-axis). Data points on the line y = 2 represent faults that are
ranked at the same place by both techniques, whereas the farther from the line a point is, the more
differently it is ranked by two techniques. Plots only contain faults that are ranked within the top 20
places by at least one technique: the size of the dots corresponds to the number of faults plotted at the
location of the dot. The numbers on the y = 2« line as well as above and below the line show the total
number of faults that belong to the corresponding parts, regardless of being ranked within the top 20 or
not. For example, SIMFL ranks 135 faults higher than MUSE. The agreement between two techniques
are measured using Pearson correlation coefficient (r): value 0 implies no correlation and, therefore, no
agreement, whereas value 1 implies perfect correlation and, therefore, two identical rankings.

While there exist dense clusters of points near the top ranks around the y = z line, there is no
clear relationship between FL techniques. SIMFL shows low Pearson correlation coefficients against all
compared techniques. Notably, SIMFL is significantly different from two existing MBFL techniques,
MUSE and Metallaxis, suggesting that the way SIMFL captures the relationship between faults and
tests differs significantly from existing MBFL techniques. SIMFL also ranks the most faults identically
to FLUCCS, a technique that uses multiple SBFL scores as well as code and change metric, suggesting
that mutation analysis can be a rich source of information for fault localisation. Overall, the results
provide evidence that there exist faults that SIMFL can localise much more effectively than the other,
and vice versa. The complementary nature also suggests the possibility of an effective hybridisation of
SIMFL and other techniques, as recent work that combine multiple FL techniques suggest [86, 88, 66].

We leave the hybridisation as future work.

3.5.2 Test Case Granularity

A common pattern observed in all configurations of SIMFL is that it performs the best for Commons
Lang. Following Laghari and Demeyer [89], we hypothesise that this may be related to the test case
granularity: if each test case kills mutants that exist in only a few methods, SIMFL can benefit from
this because failures of each test case will be tightly coupled with a few candidate locations.

To investigate the impact of test case granularity, we check whether the number of the methods that
are relevant to failures caused by highly ranked faults is lower than the number of methods relevant to
faults that are not ranked near the top. We define a method m to be relevant to the failure of a test case
t if ¢t kills a mutant in m. A finer granularity test case ¢ is expected to be relevant to fewer methods.
We categorise faults into those ranked in the top three places (set W3), and those that are not (set O3),
and compare the number of relevant methods between W3 and O3.

Table 3.9 reports the results of one-tailed ¢-test on the number of relevant methods between W3 and
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Table 3.9: The result of one-tailed t-test on the number of methods whose mutants are killed by
the failing test cases, between the faults localised within (W3) and out of top three places (03). The
significant level is 0.05: if p-value is less then 0.05 (typeset in bold), then we can reject null hypothesis

that is the mean of W3 is significantly greater than O3.

Model | Project W3 03 p | Model | Project w3 03 p
mean std | mean std mean std | mean std
Lang 5.5 5.2 10.0 12,9 | 0.029 Lang 6.2 5.7 7.9 120 | 0.238
Chart 10.0 6.8 | 1449 260.5 | 0.056 . Chart 114 7.3 | 136.1 254.5 | 0.086
?El}j[ Time 69.2  36.1 | 129.6  46.7 | 0.002 {a}:hj_p) Time 103.7  54.2 | 113.7  49.2 | 0.320
Closure | 167.2 117.3 | 322.7 182.2 | 0.000 Closure - - - - -
Math 155 19.1 | 34.8  26.6 | 0.000 Math 20.5  25.1 28.5  21.7 | 0.056
Lang 5.1 3.8 119  14.3 | 0.002 Lang 4.7 3.7 9.8 11.6 | 0.009
" Chart 10.0 6.8 | 1449 260.5 | 0.056 . Chart 96.3 242.1 88.4 193.4 | 0.534
?EI})I Time 784 439 | 1276  47.4 | 0.009 ](?l*l\%[-P) Time 20.0 27.6 | 120.3  42.4 | 0.000
Closure | 175.7 113.8 | 327.6 184.9 | 0.000 Closure - - - - -
Math 154 188 | 36.3  26.6 | 0.000 Math 152 19.5 | 28.2  24.3 | 0.009
Lang 5.1 3.8 12.4 14.7 | 0.002 Lang 4.4 3.5 9.2 10.9 | 0.012
Chart 9.8 7.1 | 136.6 254.3 | 0.072 Chart 96.9 242.0 | 88.1 193.5 | 0.538
PM* . ) pPM* . -
(F) Time 784 439 | 1276  47.4 | 0.009 (F+P) Time 0.5 0.5 | 117.7  43.2 | 0.001
Closure | 203.2 160.8 | 323.5 178.0 | 0.000 Closure - - - - -
Math 15.5 19.1 | 358 26.5 | 0.000 Math 11.5 9.9 | 271 249 | 0.010
Lang 4.9 3.9 13.5 .14.7.| 0.000 Lang 5.5 5.0 122 14.8 | 0.006
Chart 11.8 6.2 | 135.9 254.6 | 0.087 Chart 70.3 2009 | 117.9 223.1 | 0.298
%15) Time 784 439 | 127.6 ~ 47.4 | 0.009 %PB—}—P) Time 90.8  56.3 | 129.6  36.6 | 0.031
Closure | 193.3 136.7 | 322.3 184.0 | 0.000 Closure - - - - -
Math 16.5 19.1 | 353 27.1 | 0.000 Math 17.3  18.1 31.0  26.3 | 0.003
Lang 5.4 5.1 129  15.0 | 0.003 Lang 5.9 5.3 13.3  18.4 | 0.013
Chart 10.8 6.6 | 1449 260.5 | 0.066 Chart 14.6  10.1 | 174.2 283.7 | 0.032
1(\}%P Time 62.3  40.0 | 137.7  34.7 | 0.000 ?}I}\If;) Time 95.1  54.9 | 130.5  37.7 | 0.049
Closure | 168.6 114.0 | 325.3 183.0 | 0.000 Closure - - - - -
Math 156 189 | 358  26.7 | 0.000 Math 17.0 16.6 | 40.9 29.6 | 0.000
Lang 5.4 4.0 127 16.5 | 0.004
Chart 76.6 193.5 | 105.7 230.1 | 0.371
EFC+ ) Time 91.4  43.7 | 132.3  53.0 | 0.025
Closure - - - - -
Math 16,5 174 | 41.8  28.1 | 0.000

03: for 33 out of 45 cases, we accept the alternative hypothesis that the mean of O3 is significantly greater
than W3. In other words, the faults in W3 are likely to be revealed by test cases with finer-granularity
than the faults in O3. The test cases of Commons Lang have finer-granularity when compared to other
subjects, leading us to conjecture that test case granularity is why SIMFL performs more effectively
against Lang than others. However, the results also show that SIMFL is not simply reflecting a one-to-
one mapping between methods (mutants) and their unit tests: failing test cases of Closure kill mutants
in 203 methods on average, but PMT(F) can still localise 41 out of 132 faults within the top three places
(see Table 3.3).
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Table 3.10: The acc@n metric values after filtering mutants based on their kill reasons.

Model Total All Assertion Timeout Exception
Studied | @1 @3 @5 | @l @3 @5 |@l @ @ | @ @3 @b
EM(F) 357 77 139 163 | 100 163 179 | 21 30 38| 53 90 107
PM*(F) 357 82 151 183 | 108 185 206 | 23 35 44| 60 97 117
PM™(F) 357 8 155 186 | 114 183 206 | 22 36 45| 61 99 119
LR(F) 357 90 152 186 | 118 181 213 | 40 79 88 | 66 109 131
MLP(F) 357 8 150 180 | 121 189 210 | 43 76 91 | 60 106 129
EM(F+P) 224 84 108 114 72 89 96 7 11 16| 55 64 68
PM*(F+P) | 224 49 74 86 | 50 76 90| 23 42 57| 49 71 80
PM*(F+P) | 224 33 57 68 34 57 68| 20 34 50|34 59 68
LR(F+P) 224 88 120 129 | 89 117 128 | 23 41 51 | 77 104 115
MLP(F+P) | 224 113 145 159 | 112 147 160 | 29 50 55| 91 120 135
PC(F+P) 224 96 143 157 | 100 145 160 | 22 36 43 | 78 113 121

3.5.3 Kill Reason Filtering

A mutated program can cause a test failure due to many different reasons, such as assertion (i.e.,
test oracle) violation, uncaught exception, or timeout. All these reasons are normally marked as a kill.
While all three reasons do reveal some dependency between the mutated location and the test outcome
(otherwise the mutant would not be killed), we suspect that different kill reasons may have varying
degrees of importance for fault localisation. Assertion violations would imply that the test oracles
actually capture the correct program behaviour. Uncaught exceptions and timeouts, however, may only
show coincidental impacts of the mutation.

Considering the relative importance of different kill reasons, we investigate whether filtering out the
kill matrix based on the exact reason of test failure has any impact on the localisation effectiveness. This
is partly motivated by the use of failure messages by TraPT [90]. We train SIMFL models using one
of three kill reasons, and compare their results to those of models trained using all three reasons. Kill
reasons supported by Major are: assertion violations (“Assertion”), timeouts (“Timeout”), and uncaught
exceptions (“Exception”).

Table 3.10 shows the results of acc@n metrics for SIMFL models of three different kill reasons. For
all F models, using only mutants killed due to the assertion failures shows the best performance in terms
of acc@l and acc@3, adding support to our assumption that assertion violations reflect test oracles of
correct program behaviour better than others. Timeouts appear to be the weakest signal.

However, for F+P models, the unfiltered original results (“All”) often show the best performance.
This trend reveals a seemingly counter-intuitive, yet fundamental intuition about SIMFL: test cases in
T and T, contribute to localisation in different ways. If a test case t is in Ty, all mutants killed by
t earlier suggest that their locations may contain the fault. However, if ¢ € T, all mutants killed by ¢
earlier suggests that their locations may not contain the fault that is detected by ¢’ € Tf. Consequently,
kill reason filtering can make the contributions from tests in T; more precise (i.e., to only reflect real
fault detection), but may also reduce the total amount of contributions from tests in T, because it
removes potential locations that could have been excluded by being associated with a test in T),. This

explains why, for F+P models, using only Assertion as the kill reason cannot dominate the results. Note
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that the distribution of kills between Assertion, Timeout, and Exception is likely not uniform, which we

also think contributes to the mixed results of F4+P models, combined with program semantics.

3.6 Threats to Validity

Given the controlled setting for our experiments and the clearly defined objective measures, there
are few threats to the internal validity of our study. There are some threats to internal validity that
are inherent to any mutation analysis and hard to completely avoid, such as non-determinism caused
by mutation and equivalent mutants, which have been discussed in Section 3.4. Similarly, we see few
threats to the construct and conclusion validity. The metrics we used are standard in the fault localisation
literature. We note that establishing one best technique is not our main goal here and we would likely
need more study subjects for such a comparison to be meaningful.

Rather, the main threat of our study is to its external validity. Even though we studied five different
subjects from the real-world DEFECTS4J benchmark to mitigate this threat, this does not allow us to
generalise to many, other programs and test suite contexts. Still, there was enough variation among the

five subjects for us to identify SIMFL’s dependence on the granularity of the test cases.

3.7 Related Work

3.7.1 Mutation-based Fault localisation

A number of MBFL techniques have been proposed in the literature. Metallaxis uses SBFL-like
formulas to measure the similarity between failure patterns of the actual fault and mutants [4, 74].
MUSE [10], and its variation MUSEUM [23], depend on two principles: first, if we mutate already faulty
parts of the program, it is unlikely that we will observe more failing test cases, and we may even observe
partial fixes, and second, if we mutate non-faulty parts, tests that used to pass are now likely to fail.
MUSE and MUSEUM define their suspiciousness scores using the ratios of fail-become-pass and pass-
become-fail tests. TraPT is similar to MUSE and MUSEUM in nature, but transforms both the output
messages of failing tests, to distinguish different types of exceptions, and the test code itself, to prevent
early program termination due to the assertion violation that precludes collecting information of other
assertions [90].

MBFL techniques suffer from the cost of mutation analysis, as it requires a massive number of test
executions against the generated mutants. To reduce the number of mutants needed to be inspected,
Metallaxis [4] adopts mutant sampling while HOTFUZ [5] combines first-order mutants to build higher-
order mutants and computes suspicious score only on them. Their results showed that this reduces the
number of total mutants as well as equivalent mutants that contribute nothing to the fault localisation.
Despite such efforts to reduce the costs, all existing MBFL techniques inevitably mutate the faulty
program and execute tests once testing is finished. In contrast, SIMFL allows the mutation analysis to

be performed ahead of time.

3.7.2 Bayesian Inference for Fault Localisation

SIMFL was initially formulated based on Bayesian analysis to infer likely fault locations given test
information. In the context of fault localisation, Abreau et al. [21] have introduced BARINEL, a SBFL

technique that adopts Bayesian reasoning to generate candidate sets of multiple fault locations. To
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the best of our knowledge, SIMFL is the first MBFL technique that uses Bayesian inference as well as
other statistical inference techniques. While SIMFL also uses dynamic information from mutation, the
mutation analysis can be performed ahead of time, which allows the cost to be amortised over multiple

development iterations, and provides faster feedback.

3.7.3 Mutant Subsumption

The subsumption relationship between two mutants appears when both are killed by the tests and
all tests that kill the one also kill the other. Therefore, this indicates a redundancy of the subsumed
mutant [17], allowing the mutation score to be inflated. As a result, building a minimal set of mutants
can enhance the validity and efficacy of mutation analysis [81]. We showed that SIMFL can exploit this
by removing the subsumed mutants in the kill matrix and achieve considerably better results than the

normal setting using all mutants.

3.7.4 Predictive Mutation Testing

A recent advance to deal with the high costs of mutation testing is Predictive Mutation Testing
(PMT) [7, 8]. PMT predicts the mutation score as well as test results of each mutant. Since PMT uses
historical mutation testing results as its features to train the predictive model, PMT and SIMFL have
a similar scenario that amortises the cost of mutation testing. However, PMT is originally designed to
predict whether a test suite can kill the mutants, so it is hard to apply to SIMFL that requires the
test-case level results of mutant kills. Seshat [9] provides a test-case level prediction of mutant kills
using the tokens in the source code and test as well as the dynamic information of the mutants. The
finer-grained prediction of Seshat enables its combined use with SIMFL, which helps SIMFL to deal with

newly introduced test cases by simply predicting which mutants they can kill.

3.8 Summary of this Chapter

This chapter explores the mutant’s relationship with faults and tries to solve the problem of fault
localisation based on it. By exploiting its similarity in locality and patterns of test execution to the faults,
we introduce new technique called SIMFL, a Mutation Based Fault Localisation (MBFL) technique
utilising mutation analysis results of the earlier version. SIMFL models the relationship between the
location of the artificial faults (i.e., mutants) and their test results via several modelling schemes such
as statistical inference or machine learning techniques. After the faults are observed, SIMFL infers their
locations without any mutant executions. We evaluate SIMFL on the real-faults in DEFECTS4J dataset
and the results show that SIMFL can locate 113 faults on the top out of 224 faults. Even if we simulate
SIMFL on the predicted kill matrix, SIMFL still localises 95 faults on the top out of 194 faults, supporting
its practical applicability. Moreover, we demonstrate that removing the subsumed mutants significantly

improves the localisation accuracy of SIMFL.
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Chapter 4. Mutant’s Relationship with Patches

This chapter investigates the mutant’s relationship with patches by looking at them as code changes.
We hypothesise that the mutants (faults) and patches are syntactically indistinguishable from each other.
We conduct three experiments to examine this hypothesis: a cluster analysis to see their syntactic
similarity, Mutation-to-APR and APR-to-Mutation studies that use the mutants to repair the faults
and the patches to seed artificial faults, respectively. This can allow us to integrate the two seemingly
opposite approaches as well as provide a larger set of the faults or patches to be used for static bug

finders or patch generation tools.

4.1 Introduction

Software bugs are prevalent, long-lived, and expensive to fix, thus they have been a major concern in
software maintenance [91, 92]. The high cost of bug fixes mainly stems from the need for the developers
to deeply engage with the bugs by following such steps as 1) reading the bug report, 2) inspecting the
possible buggy locations, and 3) making several attempts to write patches (which involve compiling and
running tests). All of these steps require a deep understanding of both the bug and the Program Under
Test (PUT). In addition, developers should be aware of the possibility that, despite fixing the initial
buggy symptoms, they may have introduced a new bug with their patch [93, 94], further adding to the
complexity of bug fixes.

On the contrary, we note that it is trivially easy to introduce bugs. Given access to the source code,
bugs can be introduced effortlessly, mainly because there exist infinitely more incorrect programs than
the ones that satisfy the given specification in the space of all programs. This fundamental difference
between writing patches and introducing bugs also can be seen in two types of automated software testing
and debugging techniques: Automated Program Repair (APR) [25], which aims to automate the process
of writing patches, and Mutation Testing [1], which aims to automate the process of introducing bugs.
To successfully repair a bug, the APR technique needs to overcome many different challenges: it first
has to accurately localise the bug, then find a specific combination of existing ingredients to compose
a patch, and finally apply and validate the patch by executing test cases. On the contrary, mutation
testing is context insensitive and is allowed to make small syntactic changes to an arbitrary location in
the source code.

However, if we look closely at how APR tools operate, they act like mutation tools. While trying
to find a patch, it is natural for them to produce many faults, which are the by-product of the search
algorithms adopted by APR techniques. On the relationship between mutation testing and APR, Weimer
et al. observed that Generate & Validate (G&V) APR techniques form a dual of mutation testing [24]:
APR aims to find mutants that pass the tests, while mutation testing aims to find mutants that fail
the tests. One example that exploits this duality is PraPR [43], a recently proposed APR tool that
directly augments the mutation operators of a Java mutation testing tool, PIT [28]. The evaluation of
PraPR shows that the repair attempts using only PIT mutation operators perform surprisingly well: for
DErECTS4J v1.2.0 subjects, it produced the plausible patches for 106 buggy versions, correct patches
for 17 buggy versions out of 395 versions.

Given that APR and mutation testing tools have exactly opposite purposes, how can one be suc-
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cessfully used as another? We hypothesise that it is mainly because the patches and faults, when seen
simply as changes made to the code, are not that different from each other. For example, consider a
code change, from a + b to a - b. Although this is a widely used arithmetic mutation operator, it
can equally be a bug fixing patch. Similarly, even a code change that appears explicitly to be a patch
(such as the insertion of a null-check for a pointer variable), may eventually turn out to be a fault if
made to an incorrect location.

Based on this observation, we design three empirical studies to investigate the relationship between
the patches and faults from different angles. First, we compare their lexical and structural similarities by
leveraging code change clustering and pattern inferring algorithms, then evaluate whether the patches
and faults are grouped together. Second, we evaluate two mutation tools as APR tools and evaluate
their effectiveness. Finally, turning the table, we directly convert APR tools into mutation tools and
evaluate their ability to generate mutants that are coupled with real faults. The results of our empirical
evaluation suggest that buggy and fixing code changes are in fact more similar to each other than we
expect. The implication of this finding is that, when mining a particular type of code changes (i.e.,
either bug inducing commits, or bug fixing commits), we can consider wider range of code changes than
we thought before. Further, it suggests the possibility of cross-purpose uses of both APR and mutation
testing tools, while hinting at a potential unified technique.

The main contributions of this chapter are as follows:

e We empirically evaluate the similarities between patches and faults using 6k code changes in C projects
and Tk code changes in JavaScript projects, mined from various open source repositories. The results
suggest that patches and faults are in fact similar to each other, as they can be grouped together by

the code change clustering and pattern inferring algorithms.

e We present an empirical evaluation of mutation tools as APR techniques. We employ mutation
tools that are inversions of existing APR tools, and evaluate these variations by applying them to
the buggy programs in DEFECTS4J. The results shows that IBIR [95] (i.e., inverted TBar [96]) and
inverted SequenceR [97] can still successfully generate 42 and 17 plausible patches, which are only

eight and two fewer than their original forms.

e We also demonstrate that existing APR tools can be converted into mutation tools. A mutation
coupling analysis using real faults in DEFECTS4J shows that TBar, a template-based APR tool, can
successfully generate 14% and 3% more fault couplings than widely studied mutation tools, PIT and

Major, respectively.

4.2 A Motivating Example

Figure 4.1 contains actual code changes from DEFECTS4J. Let us begin with a simple question: are
these patches, or bug inducing changes? Figure 4.1a contains an example fix change from jfreechart that
modifies ! = to ==, while Figure 4.1b shows the inversion of Figure 4.1a. Without the captions, it is not
easy to tell them apart. We hypothesise that a code change itself is context insensitive, which is why
it is hard to distinguish a patch from a bug inducing change, and vice versa. The difference becomes
clearer only when we consider the surrounding context of the change, as shown in Figure 4.1c. An
earlier conditional statement 1f (this.plot == null) has a similar predicate and the same return

statement; we also observe that the variable dataset is subsequently used in Line 13, suggesting that
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- 1f (dataset != null) {
+ if (dataset == null) {

(a) Fix change

- if (dataset == null) {
+ if (dataset !'= null) {

(b) Inverted fix change (i.e., bug inducing change)

public LegendItemCollection getLegendItems () {

-

3 if (this.plot == null) {
1 return result;
5 }
6 int index = this.plot.getIndexOf (this);
7 CategoryDataset dataset =
— this.plot.getDataset (index);
s - if (dataset != null) {
9 + if (dataset == null) {
10 return result;
11 }
12 int seriesCount = dataset.getRowCount () ;

13

(¢) Fix change with surrounding context

Figure 4.1: A fix commit sof jfreechart (Chart 1 in DEFECTS4.J)

it is more natural to return when it is null. With the help from the context, we can guess that the
change in Figure 4.1a is likely to be a fixing change, and not a bug inducing one. This example raises the
questions of whether mining and interpreting the given code changes only as either fix or bug inducing
is desirable, as well as how actually different they are from each other. In the following three sections,

we investigate and discuss those observations with three empirical studies, respectively.

4.3 Similarity Study (RQ1)

RQ1. How similar are patches and faults to each other? We answer RQ1 using two ap-
proaches: clustering both patches and faults, and abstracting both as change patterns. With clustering,
we investigate whether patches and faults can belong to the same cluster, whereas with pattern infer-
ring, we investigate whether patches and faults can be abstracted into the same pattern. Answers to
these questions would provide evidence of how much the patches and faults have similar structures and
patterns. We perform the clustering analysis using FlexiRepair [98], and the pattern inferring analysis

using SemSeed [99].
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4.3.1 Cluster Analysis with FlexiRepair

FlexiRepair [98] is an extension and combination of FixMiner [100] and Spinfer [101]. Below, we

will briefly introduce them with the procedure of how the clusters are formed.

FixMiner

To represent a code change, FixMiner [100] constructs a tree representation with three types of
information: Shape, Action, and Token. Each of the information type corresponds to an abstraction
level of the resulting representation. FixMiner starts the clustering at the highest abstraction level,
which is Shape, and successively applies clustering to the results from the previous abstract level with

Action and Token.!

First, at abstraction level of Shape, FixMiner groups the code changes based
on the type of the root node of AST and its depth (e.g., IfStatement/7), and identifies their clusters
using algorithms of GumTree [102]. Next, the abstraction level of Action further divides the clusters
generated by Shape, based on the change operations identified by GumTree. These clusters are labelled

as node/depth/ShapeTreeClusterld (e.g., IfStatement/7/2).
ee

expression EO;
@@
- 1if (isupper ((int )=«*EO0))
+ if (isupper (xEQ))
{
- *E0 tolower ((int )EOQ) ;
+ *EQ0 = tolower (xEQ);

(a) IfStatement/21/1/0
(d

expression EO;

@@
- if (isdigit ((int )=*EQ))
+ if (isdigit (*xE0))

{

(b) IfStatement/21/1/1

Figure 4.2: Example clusters resulted from FlexiRepair

Spinfer

Spinfer [101] aims to infer semantic patches of Linux kernel by identifying the similar code frag-
ments and control flows across code changes. Following FlexiRepair [98], we use Spinfer to finalise the

clustering process on each cluster by FixMiner. As a result, the clusters generated by Spinfer have

1 As FlexiRepair only considered Shape and Action for clustering, we exclude Token from the clustering process.
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the lowest abstraction level and indexed as node/depth/ShapeTreeClusterld/ActionTreeClusterld (e.g.,
IfStatement/7/2/0).

The final output of Spinfer is the clusters of generic patches in the form of Coccinelle [103] trans-
formation rules: Figure 4.2 shows two of generated clusters. They are assigned to the same cluster of
IfStatement/21/1 at the Action abstraction level by FixMiner, but have been further divided into two
smaller clusters, IFStatement/21/1/0 and IFStatement/21/1/1, by Spinfer because they have different

control flow structures.

Table 4.1: C subject programs for cluster analysis using FlexiRepair

Repository # Commits | Repository # Commits
libtiff 3,570 | openssh-portable 11,004
cmake 38,414 | gmp 16,782
redis 8,770 | lighttpdl.4 3,882
gzip 604 | lighttpd2 1,551
libarchive 5,472 | git 46,715
cairo 11,724 | MonetDBLite-C 48,461
curl 26,967 | freeradius-server 37,535
tel 17,145 | bind9 31,286
nginx 6,858 | tmux 7,790
apr 8,945 | gstreamer 19,016

Dataset

We reuse the dataset presented by FlexiRepair: it contains mined commits in C projects from
Github, Gitlab, and Savannah. However, it was not possible for us to process all repositories provided
by the FlexiRepair dataset due to the limited computational resources. Instead, we randomly selected
20 repositories, as listed in Table 4.1, and collect the code changes with the inverted changes, resulting
in 720,000 changes. After applying the filtering rules of FlexiRepair to extract only fix commits, we have
3,000 fix changes that result in total 6,000 code changes considering inverted changes (i.e., bug inducing

changes).

Evaluation

For the evaluation of FlexiRepair clusters, we use three levels of clusters from Shape, Action, and
Spinfer, respectively. For the sake of simplicity, we hereafter denote the three levels as ‘Levell’, ‘Level2’,
and ‘Level3’. We report the number of clusters that include both the patches and faults for each level.
Note that we cannot report other evaluation metrics such as cluster membership accuracy, as there is no

ground truth of correct cluster membership for code changes.

4.3.2 Pattern Analysis with SemSeed

SemSeed [99] presents an efficient algorithm for seeding realistic bugs by abstracting and matching
bug inducing patterns. SemSeed selects an AST subtree of the changed line and extracts two token

sequences (before and after the change) from the subtree. From them, the bug seeding patterns are
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inferred by abstracting all identifiers and literals into the placeholders, resulting in a pair of abstracted
token sequences, t = (t;,1,). The tokens in ¢, and ¢, are either identifier or literals, or non-identifiers
and non-literals.

As SemSeed only learns its patterns from faults, we modify it to consider both patches and faults,
and see how many same (t,,,) pairs are found in both of them. Let ¢ € T}, be the pairs from the patches
and t € Ty be the pairs from the faults. We report the number of pairs that exist in both T}, and 77,
which would be the code changes that represent both patches and faults. Based on the dataset presented
by SemSeed that contains 3,600 inverted fix changes from 100 JavaScript projects in Github, we build

our own that includes both fix and inverted changes, resulting in total 7,200 code changes.

Table 4.2: Cluster analysis with FlexiRepair. x refers to the number of clusters having both patches

and faults and y refers to the number of total clusters.

Cluster | Levell Level2 Level3

level (node/depth) (ShapeTreeClusterld) (SpinferClusterId)
x/y | 222/316 (10%) 569 /1,800 (31%) 227 / 3,859 (7%)
@@

identifier IO0;

expression EI1;

@@

— char *I0 = rad_malloc(El +-1);
+ char *I0 = rad_malloc(El);

(a) DeclStmt/10/0/0
ee
identifier 1I0;
expression EI1;
@@
- const char *I0 = E1;
+ char «I0 = (char =*)E1;

(b) DeclStmt/10/18/2

Figure 4.3: Example Levell cluster (DeclStmt/10)

4.3.3 Results of Cluster Analysis with FlexiRepair

Table 4.2 shows the number of clusters that have both patches and faults (z) and the total number
of clusters (y). Among all clusters, 70% of Levell clusters contain both patches and faults, followed by
31% of Level2 clusters, and 7% of the Level3 clusters: the trend confirms our expectation that the less
we abstract the code changes, the more separated they would be. Figures 4.3 and 4.4 present a closer
look at how clusters are formed at Levell and Level2: Figure 4.3a and Figure 4.3b are in same cluster

of DeclStmt/10, and Figure 4.4a and Figure 4.4b are in same cluster of ExprStmt/5/0. Both levels
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Q@
identifier I1 = {getch,strequal};
expression list E2;

expression EO;

@@
- E0 = I1(E2);
+ E0 = (char )T1(E2);
(a) ExprStmt/5/0/1
@e

assignment operator Al;
expression E2, EO0, E3;

@e

- EO Al strlen(*xE2) + E3;

+ EO Al (int )strlen(xE2) + E3;

(b) ExprStmt/5/0/2

Figure 4.4: Example Level2 cluster (ExprStmt/5/0)

have placeholder identifiers or expressions that can be replaced, but Level2 clusters tend to show closer
resemblance.

70

# clusters (%)
N w » wv o
o o o o o

=
o

1234567 8 9101112131415161718192021222324252627282930
# changes in a cluster

Figure 4.5: The number of code changes for each Level3 cluster.

In addition, we examine how many code changes are in each Level3 cluster, since the overlaps of
the patches and faults in Level3 clusters are only 227 out of 3,859 cases (7%). Figure 4.5 shows that
67% of Level3 clusters contain only one code change, failing to be grouped with any others due to the
low abstraction level. Once we exclude such singletons, the proportion of the clusters that have both the
patches and faults becomes 22%.
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- reject (error);

+ reject (convertImapError (error)) ;

(a) Fix commit of Adobe Brackets @ad60c47

- callback (_err);

+ callback (mapError (_err));

(b) Inverted fix commit of nylas-mail @93942e7

Figure 4.6: Two code changes having same SemSeed patterns

4.3.4 Results of Pattern Analysis with SemSeed

Next, we analyse the patterns of the patches and faults using SemSeed. We count the code changes
whose patterns (t) are found in both patches (T},) and faults (T¢). Out of 3,951 code changes for each
group, 1,752 code changes (44%) have patterns found in both T}, and T. For example, Figure 4.6 shows
two code changes from different projects: Figure 4.6a is a fix change from Adobe Brackets which adds
a method call around , and Figure 4.6b is a bug inducing change from
nylas-mail which does similar modifications to Figure 4.6a. Both changes are abstracted into the pattern
from Idfi(Idfs); to Idfi(Idf2(Idfs)); where Idf represents a placeholder identifier.

Answer to RQ1: up to 70% of patches and faults can be clustered together by FlexiRepair;
44% of them can be abstracted into the same pattern by SemSeed. We conclude that patches and

faults are not mutually exclusive and can be similar to each other.

11 39 3 4 15 2
TBar 18" SequenceR  SequenceR~!
(a) TBar and TBar™ (b) SequenceR and SequenceR™

Figure 4.7: The number of bugs for which mutation or APR can generate plausible patches.

4.4 Mutation-to-APR Study (RQ2)

RQ2. Can mutation tools be APR tools? Given that the patches and faults have similar
forms, we now move on to the cross-evaluation between them by investigating the patch effectiveness

of the mutation. We treat the generated faults as patches and see whether they are actually plausible
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patches. If the patches and faults are fundamentally different and mutually exclusive, mutation tools
will fail to generate any plausible patches.

Ideally, we would use existing mutation tools to perform this study. However, among the available
and widely used Java mutation tools, PIT [28] has already been evaluated as an APR tool by PraPR [43],
whereas Major [29] does not allow any modifications that are necessary for our experimentation as its
source code is not available. As a result, we use IBIR [95], which mutates source code using inverted
templates of TBar [96], and SequenceR™, which is originally the Neural Machine Translation (NMT)
based APR tool, SequenceR [97], but trained with inverted dataset so that it ‘translates’ correct code to
buggy code. Essentially, these two tools are direct inversions of APR tools, meaning that they are now
designed to introduce bugs. Consequently, if these inversions can still patch bugs, it would show that

our hypothesis about the similarities between patches and bugs is correct.

4.4.1 Modification Details
For this study, we introduce the following modifications to the original tools.

e [BIR: To use IBIR as an APR tool, we take the source code of TBar and replace the fix templates
of TBar with the templates of IBIR. We switch templates instead of directly using IBIR, in order to
take advantage of APR related support functionalities that already reside in TBar. We denote this
modified tool TBar ' to differentiate it from the original TBar as well as TBIR.

e SequenceR: SequenceR learns to translate a buggy code into a correct code using the fix changes. We
follow the same training procedure, but we place the buggy code in the position of the correct code,
and vice versa: this model will learn how to translate the correct code to the buggy code. We denote

this model SequenceR .

4.4.2 Evaluation Metrics and Configurations

We report and compare the number of bugs for which mutation and APR tools generate plausible
patches. We use DEFECTS4J v1.2.0, which includes four project and 231 bugs.? We use the old version
of DEFECTS4J, v1.2.0, as some of the studied tools are specifically designed to target DEFECTS4J v1.2.0.
Note that we compare SequenceR and SequenceR ' using only 75 bugs, as the original tool is designed

to target only one line patches.

4.4.3 Results

We run two mutation tools, TBar ' and SequenceR ', and two corresponding APR tools, TBar and
SequenceR, on the buggy programs in DEFECTS4J. Figure 4.7 depicts two Venn diagrams that show the
number of bugs for which each tool can generate plausible patches. TBar generates plausible patches for
50 bugs, which is eight more than those fixed by TBar™'; SequenceR generates plausible patches for 19
bugs, which is two more than those fixed by SequenceR™. There are overlaps of 73% (39) between TBar
and TBar ', and 71% (15) between SequenceR and SequenceR *, respectively. Although, APR tools are
better than mutation tools at generating plausible patches in general, the results suggest that mutation
tools can successfully perform as APR tools even though they learnt to operate in the opposite direction.

We also perform a qualitative analysis of the bugs that either APR or mutation tool exclusively

fixes. Of 11 bugs fixed only by TBar, eight are fixed with the insertion operators, five of which are

2See details at
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related to adding null pointer checkers. On the other hand, out of three bugs fixed only by TBar™, two
are fixed with the deletions operators. We suspect that this is due to the difference in the number of
operators in these tools: TBar includes 12 insertion operators but only two deletion operators, meaning
that TBar™ has 12 deletion operators and two insertion operators.

SequenceR exclusively fixes four bugs, three of which are fixed with the variable replacements.
The two exclusive fixes by SequenceR™ are also related to the variable replacement and changing the
condition of a if statement. Since SequenceR is an NMT based tool, it is difficult to analyse and interpret

its operations. Further analysis would require improved explainability of the underlying NMT models.

Answer to RQ2: despite having learnt from faults, mutation tools can successfully find plau-
sible patches for 42 and 17 buggy programs in DEFECTS4J, compared to their counterpart APR
tools that find plausible patches for 50 and 19 buggy programs.

4.5 APR-to-Mutation Study (RQ3)

RQ3. Can APR tools be mutation tools? We investigate whether the code changes produced
by APR tools can be used as bug injections, despite the original intention of being patches. Conducting
a real fault coupling study by following Just et al. [76], we evaluate the effectiveness of mutants produced
by APR tools. As there are inherent differences between APR. tools and mutation tools, we describe the

challenges we faced, as well as how we dealt with them.

4.5.1 What kinds of APR tools can we modify?

Table 4.3 presents a list of Java APR tools we have considered. Our final selection criteria are as

follows:

o Awailability: we exclude the tools that are not publicly available or do not make their source code
publicly available. Hercules [104], CapGen [73], and CURE [105] are excluded for this reason.

o Ezecutability: We exclude ssFix [106] because it fails to connect to the private code search engine,
and CoCoNut [107] because it has unresolved issues in preprocessing of training data as well as the

model training.?

e Failing tests: We exclude the tools that require failing tests for patch generation, because we will apply
them to correct programs for injecting faults. We exclude APR tools based on genetic programming,
such as GenProg [108] and ARJA [109], because they use fitness functions that check whether tests
that originally failed subsequently pass.

After filtering, we are left with four APR tools: SimFix [110], PraPR [43], TBar [96], and Se-
quenceR [97]. These have all been recently published and open sourced; further, they do not require

failing tests.

4.5.2 How to modify them?

Due to the differences in design goals between APR and mutation tools, we are forced to make a

few modifications to the chosen APR tools:
3
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Table 4.3: Considered Java APR tools

Tool Selected? Public? Working? Failing tests Published year
GenProg [108] No Yes Yes Yes 2011
Angelix [111] No Yes Yes Yes 2016
Nopol [112] No Yes Yes Yes 2016
ssFix [106] No Yes No No 2017
CapGen [73] No No - No 2018
ARJA [109] No Yes Yes Yes 2018
SketchFix [113] No Yes Yes Yes 2018
SimFix [110] Yes Yes Yes No 2018
Hercules [104] No No - No 2019
PraPR [43] Yes Yes Yes No 2019
TBar [96] Yes Yes Yes No 2019
SequenceR [97] Yes Yes Yes No 2019
CoCoNut [107] No Yes No No 2020
CURE [105] No No - No 2021

Where to fix (i.e., mutate)

APR tools employ FL techniques to locate the buggy statements. In contrast, mutation tools
usually have manual options for specifying the files to be mutated. Thus, we make APR tools to target

the locations to be mutated by directly manipulating the FL results.

When to terminate

for mutation testing, we assume that PUT has no defects, i.e., it has a green test suite. However,
APR tools assume that PUT has defects, so they terminate when the candidate patch passes all tests.
As our mutation goal is to simulate all possible mutants, we modify the termination criterion of APR

tools so that they generate all target mutants without considering test results.

Filtering some pre-defined patterns

TBar is based on the templates that have been collected from the fix patterns in the repositories, as
well as patches generated by other APR tools. Among the collected patterns, there are some patterns
that are highly likely fix-patterns, e.g., inserting a null pointer checker. Even if it is possible that the
developers would insert a wrong or inappropriate null pointer checker, we exclude such patterns by
default, as we posit that those cases are rare. The two APR tools, TBar and PraPR, are modified in
this way. However, to evaluate the effect of this filtering strategy, we also include the versions without

such filtering, which we denote TBar,, and PraPR,.

Sampling

APR tools are generally designed to focus their efforts into a single location that is believed to be
the location of the fault (which is why their results are highly dependent on the FL results [114]). In

contrast, mutation tools aim to evenly spread their efforts across the entire program, with ways to sample
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mutants to control their numbers. In this regard, we modify APR tools so that we randomly sample

only five mutations per location.

4.5.3 Coupling Study

Coupling Effect Hypothesis (CEH) states that, if a test suite can detect and kill simple mutants, it
will also be able to detect larger and more complex faults [2]. This is why mutation testing is supposed to
work. As such, the effectiveness of a mutation testing tool can be precisely measured if we can measure
the degree of coupling with real faults.

We follow the same procedure of the coupling study adopted by Just et al. [76]. The mutants are
said to be coupled with real faults, if they are killed only by the test cases that reveal the real faults.
Given that there are failing test cases, ft; € F'T, let T),,s be a set of passing tests and T, be a set
of tests that includes all tests in Tpqss and a single failing test case, i.e., Trqit = Tpass U {fti}. We then
compose the pairs of T,,ss and T4y denoted by <Tpass,Tfm~l) using the bugs and the corresponding
failing test cases in DEFECTS4J. For each pair, if there is at least one mutant that survives T),ss but
is killed by T4, we mark the pair as coupled. Generating mutants using the modified APR tools, we
compare the number of coupled pairs with the results from the two baseline mutation tools, PIT and
Major.

Although we limit the mutant generation using random sampling at runtime, the number of gener-
ated mutants varies significantly between the studied tools. It would not be a fair comparison if there
is a tool that generates much more mutants than others, as it will by definition have a higher chance of
being coupled with real faults. Therefore, for any tool that generates more mutants than our reference
mutation tool, Major, we further take a random sample out of those tools so that we consider the same
number of mutants as Major. We repeat the experiment 30 times and report numbers on average. We

will also report the unsampled total couplings, to see the impact of this additional sampling.

4.5.4 Configurations

We use the default set of mutation operators provided by DErEcTS4J for Major, and the mutators
in ‘old defaults group’ for PIT.% To compose (Tpass, Trqir) pairs from bug benchmark, we use DEFECTS4J
v1.2.0 and exclude some subjects that we fail to run all subject tools on, resulting in 493 pairs. We ignore
any equivalent mutants, as we are only interested in coupled mutants, while equivalent mutants cannot
be coupled by definition. For all APR tools, we follow the settings specified in their original study. To
alleviate a huge cost of running tests against mutants, we generate mutants on the files that the target

faults reside in.

4.5.5 Results

We begin by presenting the results of the fixed-size fault coupling study, for which we sample the
same number of mutants as Major from all studied mutation tools. Subsequently, we present the results
of unrestricted coupling study, for which we use all mutants generated by each tool. Finally, we present

a qualitative analysis of the new types of mutations introduced by APR tools.

4
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Table 4.4: Results of a fixed-size fault coupling study

Tool # Coupled Pairs # Total Pairs # Total Mutants
Major 300 493 31,877
PIT 249 493 29,855
TBar 316 493 31,679
TBar™ 314 493 31,679
TBar, 306 493 31,731
SequenceR 90 493 29,291
SequenceR 132 493 24,720
SimFix 99 493 29,411
PraPR 204 493 31,874
PraPR,, 175 493 31,877
140
B Major
1209 PITJ
100 TBar
Q 801 SequenceR
8 BN SimFix
4 00 BN PraPR
401+
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# coupled mutants per pair

Figure 4.8: A distribution of the number of coupled mutants for each coupled pair.

Fixed-Size Coupling Study Results

Table 4.4 presents the results of the fixed-size coupling study: it shows the total number of pairs,
the number of coupled pairs, and the total number of mutants considered for each tool. TBar and its
variants perform better than two traditional mutation tools by making up to 316 coupled pairs out of
total 493 pairs (64%). In addition, we examine the number of coupled mutants for each coupled pair as
shown in Figure 4.8. On the pairs that have more than ten coupled mutants, TBar makes 133 coupled
paired whereas Major and PIT make 48 and 56 coupled pairs.® It is well known that the fix templates
of TBar have been a powerful baseline for APR, and its effectiveness is shown to be valid for mutant
generation.

APR tools other than TBar, on the other hand, are outperformed by the two mutation tools,
Major and PIT. A closer inspection of the mutants generated by SequenceR and SimFix suggests that

the degree of freedom these tools have sometimes results in mostly frivolous code changes. Mutations

5Note that the duplicated mutants [115], i.e., mutants that are semantically different from the original, but equivalent
to each other, may inflate these numbers. However, since mutant equivalence is in general undecidable, we simply report
the raw results. We expect TBar to be largely free from this effect, as each mutant it generates correspond to a unique

template. We have excluded syntactic duplicates.
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created by these tools include insertion of duplicate logical clauses (e.g., changing if (a != 0) to
if ((a != 1) && (a !'= 0))) or insertion of pointless parentheses (e.g., changing return m !=
null && m.containsKey(value) toreturn (m != null) && (m.containsKey(value) )).
We hypothesise that these kinds of changes lack purposes, both as a patch and as a mutation: compared
to the carefully curated change templates of TBar, the changes made by SequenceR is much more
difficult to interpret as it depends on a sequence-to-sequence NMT model. Since the NMT model
does not concern semantics of the produced token squences, some of the translations may lack purposes.
Similarly, SimFix depends mostly on structural similarity to source the change to be applied as mutation.
Without considering the surrounding semantic context, the changes are also likely to lack focus.

Interestingly, PraPR performs worse than PIT, producing 204 coupled pairs compared to 249 made
by PIT, although it is built based on PIT by augmenting nine mutation operators of PIT with six
additional operators. However, it is the six newly introduced operators that mainly contribute to the
performance deterioration. These operators perform either addition of field and method guards, or
addition of pre/post conditions, which we think are too specialised for the purpose of program repair to
perform as generic fault injection.

Finally, we investigate whether filtering pre-defined patterns has any merits by comparing TBar
with TBar,, and PraPR with PraPR,, respectively. Both comparisons show that the filtering helps

generation of coupled mutants: TBar makes ten more coupled pairs, while PraPR makes 29 more.

Table 4.5: Results of an unrestricted fault coupling study

Tool # Coupled Pairs # Total Pairs # Total Mutants
Major 300 493 31,877
PIT 306 493 48,133
TBar 416 493 83,185
TBar 413 493 82,943
TBar, 414 493 103,603
SequenceR 154 493 50,072
SequenceR 164 493 30,773
SimFix 166 493 64,887
PraPR 326 493 186,640
PraPR, 328 493 242,258

Unrestricted Coupling Study Results

Table 4.5 shows the results of a coupling study using all generated mutants. TBar and its variants
again outperform others by making up to 416 coupled pairs out of 493 total pairs (84%), showing that
pre-defined fix patterns are capable of generating effective mutants. SequenceR and SimFix also perform
better when we do not restrict the number of mutants: they generate 64 and 67 more coupled pairs
compared to the fixed-size coupling study results. However, they are still significantly less effective than
PIT and Major.

While unrestricted PraPR and PraPR, outperform PIT and Major, this is mainly thanks to the
huge number of mutants they generate: PraPR,, generates 200k mutants, compared to 40k generated by

PIT. The operators newly introduced to PraPR are responsible for these extra 160k mutants, but they
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only contribute 20 additional coupled pairs.

In the unrestricted coupling study, TBar, and PraPR, subsume TBar and PraPR, respectively.
Therefore, the effect of filtering some of the pre-defined patterns can be clearly observed by comparing
them: both TBar, and PraPR, only make two more coupled pairs than TBar and PraPR, respectively,
despite generating 1.2 times more mutants. Consequently, we conclude that the advantages of using all

pre-defined patterns are negligible.

New and Stronger Mutation Operators

+ for (int 1 = 0; i < listSize; 1i++) |
+ if (!ShapeUtilities.equal
(a) Chart 6 (fix)
- ... Partial (iChronology, newTypes, newValues);
+ ... Partial (newTypes, newValues, iChronology);
(b) Time 4 (fix)
- ... convertLocalToUTC (localInstant, false);
+ ... convertLocalToUTC (localInstant, false, instant);
(c) Time 26 (fix)
- return allResultsMatch(n, MAY BE_ STRING_PREDICATE) ;
+ return anyResultsMatch(n, MAY_BE_STRING_PREDICATE);
(d) Closure 10 (fix)

+ removeDuplicateDeclarations (root) ;

— removeDuplicateDeclarations (root);

(e) Closure 102 (fix)

Figure 4.9: The real faults in DEFECTS4J that are exclusively coupled with the mutants of APR tools.

Just et al. [76] reported that 27% of real faults are not coupled to the mutants generated by Major,
and categorised the types of those uncoupled real faults. Based on it, we investigate the real faults to
which PIT and Major cannot couple any mutants, but APR tools can, and report the operators used by
the APR tools.

e Statement or code deletion: TBar can delete a single or multiple lines of code (see Figure 4.9a),
whereas both PIT and Major lack the Statement Deletion (SDL) mutation operator to avoid compi-

lation failures.

e Argument swapping: TBar and PraPR can generate mutants that swap the arguments to the method

call (see Figure 4.9b), as they anticipate swapped arguments as a potential developer mistake.

e Argument omission: TBar, PraPR, and SequenceR can remove extra arguments from a method call

(see Figure 4.9¢), anticipating such omissions as a potential mistake.

68



e Similar method called: PraPR can change the method called to a similar method since PraPR has a
method replacement operator that is not a part of PIT operators (see Figure 4.9d), in anticipation of

developer mistakes.

e Statement shifting®: TBar can change the location of a statement to the other line thanks to its move

statement operator (see Figure 4.9e).

Answer to RQ3: APR tools can successfully generate the mutants coupled with real faults,

revealing new and stronger mutation operators.

Files changed (1)

beforejava — after,java #1-1

B before java — after java

@@ -142,7 +142,7 @@ public class MultiplePiePlot extends Plot implements Cloneable, Seria . .
What do you think of this change?

142 142 */
143 143 public MultiplePiePlot(CategoryDataset dataset) { Itwould...
144 144 super(); © Break the program
145 - setDataset(dataset); © Fix the program
145+ this.dataset - gataset;
146 146 PiePlot piePlot = new PiePlot(null);
147 147 this.pieChart = new JFreeChart(piePlot);
148 148 this.pieChart.removelegend();
2 | |

Figure 4.10: A web interface displaying the tasks given to the developers. In the left side, we present
a code change with three surrounding lines. In the right side, participants can select either ‘Break the

program’ or ‘Fix the program’ based on their understanding of the given code change.

4.6 Discussion

This section presents a preliminary human study of the perceived similarities between patches and
faults, and subsequently discusses the differences in results obtained from algorithmic experiments in

RQs 1 to 3 and from human perceptions.

4.6.1 Developers’ Perspective: A Preliminary Study

Our answers to the three RQs provide evidence of similarity between patches and faults. However,
they are based either only on lexical patterns (RQ1), or on the results of test executions (test based
patch validation for RQ2, and fault coupling for RQ3). Neither reflects the semantics of the underlying
code properly. To examine the similarity between patches and faults semantically, we have conducted an
IRB approved (IRB-21-305) preliminary human study with five developers with an average of six years
of industry experience.

We prepared 20 code changes, ten patches and ten faults (i.e., inverted patches), from DEFECTS4.],
and asked the participants to label them as patches or faults after looking at the code change itself as

well as three lines of surrounding code before and after the changes. Figure 4.10 depicts a web interface

6This type was not originally listed by Just et al. [76].
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1 for (int i = 0; i < searchList.length; i++) {

2+ if (searchList[i] == null replacementList[i]
— == null) {

3+ continue;

4+ }

(a) Lang 39 (fix)

1 stepSize = hNew;

2 - if (forward) {

3 - if (stepStart + stepSize >= t) {
- stepSize = t - stepStart;
5= }

6 - } else {

7 = if (stepStart + stepSize <= t) {
s = stepSize = t - stepStart;

o - }

(b) Math 39 (bug inducing)

1 if (this.maxMiddleIndex >= 0) {

2 - ... (this.maxMiddleIndex)
3+ ... (this.minMiddleIndex)
4 long maxMiddle = s + (e - s) / 2;
5 if (middle > maxMiddle) {

(¢) Chart 7 (bug inducing)

1 while (days < 0) {
2 — end.add (Calendar.MONTH, -1);
a - days +=
— end.getActualMaximum(Calendar.DAY_OF_MONTH) ;
.+ days += 31;

=

(d) Lang 63 (bug inducing)

Figure 4.11: Example code changes in DEFECTS4J presented to the participants of the preliminary

human study.

displaying the binary labelling question, as well as the code change. In addition, we also conducted an

exit interview and questioned about their decision.
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Overall, the developers correctly label 16 out of 20 code changes on average, which we interpret as
better than a random guess despite the small sample size. While we need more thorough and larger scale
human study, the preliminary results suggest that the similarities reported in algorithmic analyses (RQ1

to RQ3) are in fact more complicated and nuanced.

4.6.2 Discussion of Human Study Results
We categorise and summarise the results of our qualitative analysis as follows:

e Clear fix patterns: the developers easily identify the clear fix patterns such as adding a null pointer

checker.

“I'm sure this change is a fiz commit. It adds a null checker.” (see Figure 4.11a)

“There’s a new if statement that looks like a safequard.”

e Addition vs. Deletion: if there are only deletions in the given code change, they tend to think

that it is a buggy commit. In case of only additions, however, they assume that it is a fix commit.

“Honestly, I'm not sure what the code is meant to do, but, inserting a piece of new code seems like a
ﬁm. ”

“Looks like the code should check an overflow of stepSize, but this change deletes all of that.” (see
Figure 4.11D)

e Surrounding context: although they do not have any prior knowledge about the given code, the
developers always look at not only the change itself, but the surrounding context to understand the
meaning of the change. They try to decode the change and find a continuity in use of variables and

coding convention.

“The surrounding if statement is for MaxMiddleIndez, so the change should’ve included some logic
related to Maz, not Min.” (see Figure 4.11c)

e Common mistakes: they identify common mistakes based on their experience.

“days += 31 does not make sense to me. I've written Datetime-related code many times, but adding

31 to days was always a mistake.” (see Figure 4.11d)

“(The bug was a mistake on writing a series of numbers) Order is wrong. 00E5 should be followed by
00E6.”

In most cases, the developers fail to answer with confidence; they sometimes provide incorrect or
unsupported reasons for their labelling, such as the type of modifications being additions or deletions
only. Given that deleting code alone can produce plausible patches [116], we do not think this is a safe
heuristic.

We suspect that the lack of confidence may be due to the fact that the participants are not par-
ticularly familiar with the PUTs. Had they been experts on these projects, they would have scored
better. This hypothesis is partly supported by the fact that participants suggested surrounding contexts
or common mistake patterns as the reason behind their labelling. We think these are specifically the
qualities that algorithmic analyses of code change similarities currently lack. We leave the similarity

analysis that can incorporate surrounding semantic context as future work.
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4.7 Threats to Validity

Threats to internal validity concern any factor that may influence the observed effects. To mitigate
such threats, we limit the APR and mutation tools we study to those that are publicly available and
widely studied. We also limit any modification we introduce to the minimum.

Threats to external validity concern the degree to which our results can be generalised. We tried
to incorporate as many datasets and programming languages as possible, by studying C and JavaScript
(RQ1) as well as Java (RQ2 and 3). While our idea is not inherently confined to a specific programming
language, only further experimentations can generalise our results to new tools and languages. We adopt
DEFECTS4J as the standard benchmarks in both mutation testing and APR.

Threats to construct validity occur when the metrics we use fail to measure what we initially plan to
observe. For RQ1, we simply count the number of clusters as there are no clear ground truths: we believe
this is the simplest and the most direct measurement we can take. For RQ2, we only report the number
of bugs for which subject tools can generate plausible patches. This is a simple count based metric that
can be validated by test execution. For RQ3, we report the number of coupled pairs, following a widely

accepted protocol.

4.8 Related Work

Weimer et al. [24] explored the duality between APR and mutation testing. Specifically, they
formalised and characterised Generate & Validate (G&V) program repair as a dual of mutation testing:
the equivalent mutant problem is related to the redundant repairs, while the coupling effect is related
to the hypothesis that simple operators can fix many complex faults. Both assume the competent
programmer hypothesis, meaning that APR also assumes that a relatively simple patch can repair the
bug. This is what PraPR explicitly exploits using the mutation operators implemented in PIT [43]. Tn
this work, we further investigate the approach taken by PraPR using TBar ' and SequenceR . Moreover,
our work is not confined to APR and mutation testing, but also considers the similarities between human
written patches and faults (RQ1). While Weimer et al. proposed the duality as a theoretical framework,
we present empirical evidence of the relationship.

Brown et al. [117] proposed a mutant mining technique that essentially inverts fix changes mined from
open source repositories. In one of their experiments, they ask whether ‘forward’ and ‘backward’ patches
are different. The forward patches refer to the original fix changes, whereas backward patches refer to
their inversions (i.e., faults). Interestingly, their results showed an overlap of 1,710 mined operators, out
of 13,929 operators mined from both directions. However, all operators were mined from a single project,
Space [118], limiting the scope of generalisation. We have conducted a larger empirical evaluation with
multiple programs and languages. Our results also suggest that mining mutation operators only from
one direction may miss some relevant code changes.

While APR techniques can successfully patch many faults, it is known that they also produce many
incorrect changes during the process [108]. This partly motivates our use of APR tools as a source of
code mutation. Recently proposed NMT based APR techniques seek to avoid the generation of incorrect
and wasted patches by incorporating the surrounding contexts better [107, 105]. The qualitative analysis
of our results for RQ2 and 3, as well as the results of the preliminary human study, also hints at the

importance of contexts, calling for future work on ways to representing as well as comparing them.
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4.9 Summary of this Chapter

This chapter aims to relate two seemingly opposite concepts in software testing, fixing (patch) and
introducing bugs (fault). We highlight their syntactic similarities based on empirical evaluations. An
analysis of 13k fix and bug inducing changes collected from open source repositories shows that, when
abstracted and clustered together, it is difficult to distinguish patches from faults: up to 70% of the
patches and faults are clustered together. Based on these results, we also show that mutation tools can
be successfully used as APR tools, and vice versa. An evaluation using DEFECTS4J bugs shows that
mutation tools generate plausible patches for 42 and 17 bugs, only eight and two fewer than original
APR tools, TBar and SequenceR, respectively. Finally, we also show that APR tools can successfully
generate mutants that are coupled with real faults. Our findings suggest that the scope of code changes
traditionally used to mine mutation operators, or to learn fix patterns and templates, may need to be

widened to incorporate additional code changes that are relevant.
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Chapter 5. Conclusion

5.1 Summary of Contributions

This thesis explores mutant’s relationship with code, faults, and patches to improve the efficacy of

mutation testing. In summary, the contributions of the thesis are as follows:

e We present a new predictive model named Seshat that can learn to predict the mutation results using
static features extracted from the NL channel near the mutant. To the best of our knowledge, this is
the first attempt to use NL features to predict the mutation result. We build a deep neural network
to learn the mapping between the NL features and the kill results. The empirical results suggest that
this model trained on the old version of the program successfully predicts the entire kill matrix of the

current version with an average F-score of 0.83.

e We propose new statistical inference models called SIMFL that learn to predict the location of the
faults using the similarities between the faults and mutants. In the CI context, SIMFL is designed
to learn to predict the location of the mutants (faults) using the mutation results of previous version
of the program. Our results show that the proposed models can localise 78% of the studied faults
within the top five ranks. Also, we investigate a combination of SIMFL and Seshat where we make
SIMFL learn on the predicted kill matrix by Seshat. Even in this case, SIMFL still localises 95 faults
on the top out of 194 faults, supporting its practical applicability.

e We conduct large empirical studies to investigate the mutant’s relationship with patches in terms
of their syntactic similarities. The results show that up to 70% of the mutants and patches can
be grouped together and even if we use the mutants as patches and vice versa, the performance of
corresponding techniques (mutation or APR tools) still remains high. This implies that exploiting
this relationship can widen the scope of both faults and patches, and further help to improve several

testing techniques such as static bug finders, APR, and mutation tools.

5.1.1 Mutant’s Relationship with Code

Mutation analysis can provide valuable insights into both System Under Test (SUT) and its test
suite. However, it is not scalable due to the cost of building and testing a large number of mutants.
Predictive Mutation Testing (PMT) has been proposed to reduce the cost of mutation testing, but it
can only provide statistical inference about whether a mutant will be killed or not by the entire test
suite. We propose Seshat, a Predictive Mutation Analysis (PMA) technique that can accurately predict
the entire kill matrix, not just the mutation score of the given test suite. Seshat exploits the natural
language channel in code, and learns the relationship between the syntactic and semantic concepts of
each test case and the mutants it can kill, from a given kill matrix. The learnt model can later be used to
predict the kill matrices for subsequent versions of the program, even after both the source and test code
have changed significantly. Empirical evaluation using the programs in the Defects4J shows that Seshat
can predict kill matrices with the average F-score of 0.83 for versions that are up to years apart. This is
an improvement of F-score by 0.14 and 0.45 point over the state-of-the-art predictive mutation testing

technique, and a simple coverage based heuristic, respectively. Seshat also performs as well as PMT
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for the prediction of the mutation score only. When applied to a Mutation Based Fault Localisation
(MBFL) technique, the predicted kill matrix by Seshat is successfully used to locate faults within the
top ten position, showing its usefulness beyond prediction of mutation scores. Once Seshat trains its
model using a concrete mutation analysis, the subsequent predictions made by Seshat are on average 39
times faster than actual test-based analysis. We also show that Seshat can be successfully applied to

automatically generated test cases with an experiment using EvoSuite.

5.1.2 Mutant’s Relationship with Faults

Mutation analysis can effectively capture the dependency between source code and test results.
This has been exploited by Mutation Based Fault Localisation (MBFL) techniques. However, MBFL
techniques suffer from the need to expend the high cost of mutation analysis after the observation of
failures, which may present a challenge for its practical adoption. We introduce SIMFL (Statistical
Inference for Mutation-based Fault Localisation), an MBFL technique that allows users to perform the
mutation analysis in advance before a failure is observed, allowing the amortisation of the analysis cost.
SIMFL uses mutants as artificial faults and aims to learn the failure patterns among test cases against
different locations of mutations. Once a failure is observed, SIMFL requires either almost no or very
small additional cost for analysis, depending on the used inference model. An empirical evaluation using
DEFECTS4J shows that SIMFL can successfully localise up to 113 out of 203 studied faults (55%) at
the top, and 159 (78%) faults within the top five, significantly outperforming existing MBFL techniques
while using the results of mutation analysis that has been undertaken before the test failure. The
amortised cost of mutation analysis can be further reduced by mutation sampling: SIMFL retains 80%
of its localisation accuracy at the top rank when using only 10% of generated mutants, compared to

results obtained without sampling.

5.1.3 Mutant’s Relationship with Patches

Software bugs pose an ever-present concern for developers, and patching such bugs requires a con-
siderable amount of costs through complex operations. In contrast, introducing bugs can be an effortless
job, in that even a simple mutation can easily break the Program Under Test (PUT). Existing research
has considered these two opposed activities largely separately, either trying to automatically generate
realistic patches to help developers, or to find realistic bugs to simulate and prevent future defects. De-
spite the fundamental differences between them, however, we hypothesise that they do not syntactically
differ from each other when considered simply as code changes. To examine this assumption systemati-
cally, we investigate the relationship between patches and buggy commits, both generated manually and
automatically, using a clustering and pattern analysis. A large scale empirical evaluation reveals that up
to 70% of patches and faults can be clustered together based on the similarity between their lexical pat-
terns; further, 44% of the code changes can be abstracted into the identical change patterns. Moreover,
we investigate whether code mutation tools can be used as Automated Program Repair (APR) tools,
and APR tools as code mutation tools. In both cases, the inverted use of mutation and APR tools can
perform surprisingly well, or even better, when compared to their original, intended uses. For example,
89% of patches found by SequenceR, a deep learning based APR tool, can also be found by its inversion,
i.e., a model trained with faults and not patches. Similarly, real fault coupling study of mutants reveals
that TBar, a template based APR tool, can generate 14% and 3% more fault couplings than traditional

mutation tools, PIT and Major respectively, when used as a mutation tool. Our findings suggest that the
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valid scope of mining code changes for either mutation or APR can be wider than previously thought.

5.2 Summary of Future Work

Based on the findings and implications, we believe that several future work can be performed to

further improve the efficacy of mutants:

5.2.1 Additional features for PMA (Chapter 2)

Since our focus was to investigate the NL channel of the mutants for PMA, we limited our model
to use only those features. Most of them are token-based features such as the method name or mutated
statement: they have not been considered as an information source for mutation testing because the
mutation testing is in principle a dynamic analysis heavily relying on the test executions.

However, like PMT, we posit that dynamic features such as the number of test executions on the
mutated statement would be effectively exploited for PMA and can be easily integrated into Seshat.
Those dynamic features are based on the coverage information of the test suite, which is a prerequisite
for mutation testing and thus can be utilised without any additional effort. Moreover, we can consider
PMT’s other static features based on the structure of the program such as McCabe Complexity [119]
and the depth of nested blocks of the mutated statement. Plus, the other NL features such as variable
names in the method body can also be considered. We believe that a hybrid model that uses Seshat’s

NL features and other features is expected to be a promising future direction.

5.2.2 A cross-project evaluation of PMA (Chapter 2)

A design principle of Seshat is based on the assumption that the test quality and coding convention
are consistent between the versions. However, if someone intentionally removes the assertions in the tests
or replaces the method names with arbitrary ones, Seshat will not be able to make correct predictions
according to those manipulations. As we discussed in the previous subsection (Section 5.2.1), in that
case we may need additional dynamic features to compensate for NL features since the dynamic features
are sensitive to such manipulations.

In our evaluations, we checked whether Seshat can still perform well on the newly introduced tests
(RQ3) and the machine-generated tests (RQ5). However, we believe that there is room for further
investigation on the impact of such inconsistency between the trained program and tested program. For
example, a cross-project study where training and testing are conducted on different programs can be

considered for further investigation of the generalisability of Seshat.

5.2.3 Integrating into the bigger model (Chapter 3)

Recently, there have been several studies that combine all families of FL techniques into a single
DNN model [120, 86]. For example, they collect the suspiciousness-based features from SBFL, MBFL,
and Learning-to-Rank based FL techniques, and connect each feature group into the DNN model. Their
empirical study has shown its promising localisation performance, suggesting that using various feature
dimensions is highly effective. As one of the MBFL family, SIMFL can be easily integrated into such a
big model. Moreover, SIMFL may compose a new feature dimension because the information source of
SIMFL is a previous version of the program, which has not been exploited by any other MBFL techniques.

As such, we think that using SIMFL as a part of the big DNN model is a promising future work.
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5.2.4 Exploiting the widened scope of code changes (Chapter 4)

Our empirical study focuses on investigating the relationship between the mutants and patches.
Specifically, at a code change level, we compare the syntactic similarity between them and conduct two
application studies that show the interchangeability of mutants and patches.

More than using the mutants as patches or vice versa, our findings support that exploiting both at
once can be beneficial. For example, in order to mine the real faults in the open source projects, most of
the previous work had to rely on inverting the fix commits to make them into the faults. This is because
finding bug-inducing commits is difficult in that the developers could not be aware of introducing a bug
and it is likely to contain the changes that are not related to the bug [121, 122]. In contrast, finding fix
commits is much easier as the developers intend to fix the bug with a commit message such as ‘fixes the
bug #3 and issue #12’ or ‘This commit fixes the broken behavior of the function foo’. With our findings,
mining the real faults means mining other faults (inverted ones) at the same time. This is straightforward
to implement as one needs to simply reverse the code changes to double the size of the existing dataset.
Further application study that exploits this larger dataset would be a viable next research step. For
example, we can evaluate the performance of a static bug finder that originally used a real faults dataset

but now uses the larger one.

5.2.5 Strengthening the developer study (Chapter 4)

Although our preliminary human study was conducted on a small scale of five developers and 20
code changes, the qualitative analysis provides valuable insights into the developers’ perception of the
mutants and patches. For example, considering surrounding semantic contexts is important for them
to understand the code changes. This opens up a new research direction to investigate the impact of
the surrounding contexts of the faults and patches: even though our evaluation shows that they are
syntactically similar but they may be semantically different. Investigation into how to distinguish them
would be a promising future work. Also, we can redesign the questions given to the developers that have
either fruitful or superficial information about the surrounding context. Also, further analysis on larger

developers and code changes can be promising future work.
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