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Abstract—Mutation analysis is known for its effectiveness in
assessing the quality of test suites. However, it is a costly
approach, as it generates many mutants even for small pro-
grams. Generating, compiling, and executing these mutants is
a slow and resource-intensive process. Many mutant selection
techniques have been proposed to reduce the number of mu-
tants considered and thus lower the cost of mutation analysis.
Yet, the effectiveness of all these techniques has not been
systematically compared to understand the advantages of each
technique and when they should be used. This work focuses
on static mutant selection techniques (i.e., those that do not
require executing tests against the mutants to select them) and
compares their effectiveness in approximating the mutation
score of a test suite. Using a dataset of 15 Java projects of
different sizes and application domains and the LittleDarwin
mutation tool, we compare the performance of ten state of the
art static mutant selection techniques under different settings.
Results show that no one technique provides better results
than the others in all situations, i.e., across all projects and
mutants sampling rates. Still, we found that stratification based
selection techniques mostly outperform the other techniques
(in up to 129 out of 135 of the studied settings). In particular,
stratified sampling based on the source file in which the mu-
tants appear provided the best approximation of the mutation
score in nearly half the cases considered in our experiments
(up to 68/135).

Additionally, we found that the quality of a project’s test
suite had a noticeable influence on the selection techniques’
performance. Indeed, for lower quality test suites, the selected
mutants performed worse and strongly under-estimated the
mutation score.

Keywords—software engineering; software testing;, mutation
analysis;, mutant selection; mutation score.

1. INTRODUCTION

Delivery of high quality software that meets specifications and
user expectations is essential in software development environ-
ments. While testing software does not guarantee it is entirely
fault-free, it is an essential part of the software development
process and can identify errors and faults introduced and helps
ensure a strong level of quality and reliability. Tests that are
properly designed are more effective at revealing faults in a
system.

Mutation analysis, a powerful fault-based test criterion, has
proven its potential in assessing the quality of test suites [[1].
It involves creating mutants, i.e., modified versions of the
original program by injecting syntactic changes using mutation
operators. Mutation operators are rules that define a single syn-
tactic change to a program’s source code, creating a simulated
fault [2]. Mutants can contain multiple changes. The number
of changes in a mutant is called its order. Mutants composed
of one change are First Order Mutants (FOMs) and mutants
containing multiple changes are called higher order mutants.
A mutant is said to be killed when at least one of the tests in
the test suite fails against it, i.e., the test detects the difference
introduced by the syntactic change. The ratio of killed mutants
to the overall number of mutants generated is the mutation
score, serving as a measure of the test suites’ thoroughness.
A higher mutation score suggests that the test suite is more
effective at detecting faults. Mutation analysis relies heavily on
automation tools to generate and execute mutant programs. By
analysing the results of mutation analysis, we can strengthen
our test suites and reveal faults in the implementation code.
Even though mutation analysis has been proven to be very
effective at assessing test suites’ quality, it has not gained
much prominence in the software industry. This stems from its
computationally expensive nature, as many mutants are created
and tests must be executed against these mutants. For example,
a simple program such as the Triangle program [3|] with 41
lines of source code can generate 51 first order mutants [4].
Besides the concern of generating many mutants, executing
test suites against each mutant is also time consuming. Al-
though some recent work [5], [6] has tried to use mutation
analysis in industry settings, the large number of generated
mutants still remains a core challenge. Indeed, these works
suggest not using all mutants, either by focusing on mutants
related to recent changes made to the code in the context of
CI/CD pipelines [6]], [[7]], or by limiting the number of mutants
generated per line of code in the case of Google’s experiments,
a context where computational resources are abundant [5]]. For
this reason, researchers have proposed mutant selection tech-
niques, which minimise the number of mutants to be executed.
In this paper, we focus on the mutation score and we consider
that a good subset of mutants gives a good approximation of
the mutation score obtained using all mutants. However, we
do not consider whether mutants that would have led to the
addition of a new test to the suite are selected or not.
Previous studies on mutant selection techniques [8] have



explored ways to select a subset of mutants that are expected to
evaluate the quality of a test suite as effectively as the complete
set of mutants. This work focuses on static mutant selection
techniques that do not require the tests to be run against
mutants. In surveying the literature around mutant selection
techniques, we found that Random Mutant Sampling (RMS)
and Operator-based selection are two static techniques often
used as a baseline for newly suggested techniques [9]—[11].
Although many studies have examined static mutant selection
techniques, to the best of our knowledge, these techniques have
not all been compared systematically. Inspired by the works
of Gopinath et al. [12]] and Zhang et al. [10], we carry out a
systematic empirical study on ten static mutant selection tech-
niques, using 15 Java projects and the Littledarwin mutation
analysis tool [[13]. In this paper, we focus on the performance
of the ten static selection techniques when compared to each
other in different settings. We use the accuracy of the mutation
score obtained using selected mutants in approximating the
one obtained using the full set of mutants as a proxy for the
quality of the selected sets of mutants. We further evaluate the
properties of a project (e.g., size, quality of the test suite) that
influence the selection techniques’ performance.

The contributions of this paper are outlined below: We
compare ten static mutant selection techniques that optimise
mutation analysis efficiency by selecting a subset of mutants
from the original set. Results from the experiments conducted
on 15 real-world Java projects show that stratified selection
techniques [10], [[14] are more likely to select mutants that rep-
resent the full set well and yield a mutation score that closely
approximates the actual mutation score. Our experiments also
show that how well a project is tested and the proportion of
mutants selected is important in determining which selection
technique performs best for that particular project.

The remainder of this paper is organised as follows: Section [2]
gives an overview of the concepts underlying this work.
Section [3| describes the experimental design of our study.
Section [] presents and analyses the findings from the exper-
iments. Section [S] reviews related work. Section [6] covers the
limitations and steps taken to address them. Finally, Section
concludes the paper and suggests future research directions.

2. BACKGROUND OVERVIEW

This section provides background on mutation analysis, the
mutation score, and mutant selection techniques.

2.1 Mutation Analysis

Mutation analysis is a very strong fault-based test criterion [/1]
that has been the topic of much work [I15]-[18]. It involves
introducing changes (mutations) to source code to create faulty
versions (mutants) of the software. In practice, mutations are
small syntactic changes, like changing a comparison from <
to <=. In mutation analysis, mutants can be classified based
on test results: a failing test indicates a killed mutant while
surviving mutants pass all tests. Surviving mutants suggest
potential deficiencies in the test suite, prompting developers
to strengthen their tests. The theoretical mutation score serves

as a metric of the test suite’s fault-detection capability and is
defined as:

MS x 100 (1)

- M-E
where K is the number of killed mutants; M is the total num-
ber of mutants generated and E is the number of equivalent
mutants. The number of equivalent mutants — mutants that
behave like the original program and cannot be killed, thus
artificially lowering the mutation score — is impossible to know
in practice and the mutation score is approximated by %
Mutation analysis can be applied in various ways. The most
common way to use mutation analysis, and the one this work
focuses on, is to use the mutation score as a measure of the
quality of a test suite. The mutation process can also be used
to drive the creation of new tests by trying to create tests that
kill mutants that are not currently killed by the test suite. This
process is known as mutation testing [[19]. Finally, mutation
can also be used for test reduction, removing redundant tests
in a suite that kill the same mutants as others in the suite [20]
or for test prioritisation [21], indicating which tests are more
likely to catch faults.

2.2 Static Mutant Selection Techniques

Despite mutation analysis being known for its effectiveness
in assessing test suite quality, it faces the issue of high
computational cost due to the large number of mutants gen-
erated. Generating and managing a large number of mutants
is impractical and time consuming as each mutant must be
compiled, executed and assessed by the test cases [22]. The
mutants generated are not equally useful in improving the test
suite’s quality, some are easy to kill and multiple mutants can
give the same information.

Several studies have explored ways to reduce the cost of mu-
tation analysis by using fewer mutants. Notable among these
techniques are “static” techniques such as Random Mutant
Sampling (RMS) [23]], [24]], and selective mutation [25]], [26]
which do not require mutants to be executed. RMS randomly
selects mutants from the entire set of mutants. Wong and
Mathur [27] conducted an empirical study on this technique
using the Mothra tool [28]. They found that examining only
a small percentage of the mutants can be a practical way to
evaluate test sets.

Operator-based selection, or selective mutation [25], [29],
[30] is another approach to reduce the computational cost
of mutation analysis. It involves choosing a specific subset
of mutation operators and using only the mutants generated
by these operators. Different sets of operators have been
proposed [25], [29]]-[31]] for different languages or contexts to
make mutation more efficient without sacrificing effectiveness.
Stratified mutant sampling [10], [[14] first aggregates mutants
into groups (strata) according to some given features and
then randomly samples the different strata to perform the
selection. An example of stratified sampling is to equally
sample mutants created by the different mutation operators.
This ensures that each operator is adequately represented in
the selected set of mutants. Stratified sampling can also be



done across other dimensions such as line numbers where
the mutations occurred, methods, functions, and classes of the
program.

Other techniques such as search-based [32], [33]] or machine
learning [34] techniques have also shown promising results.
However, these techniques rely on many test executions,
either to select the mutants (e.g., subsumption-based fitness
functions) or to learn the characteristics of strong mutants.
These techniques are thus not static selection techniques and
fall outside the scope of this study.

3. EMPIRICAL STUDY DESIGN

This section describes the experiments conducted to compare
the effectiveness of different mutant selection techniques when
approximating the mutation score of projects using fewer
mutants. First, it defines the research questions (RQs) under
investigation in Section [3.1] then it describes the subjects and
tools used for the experiments in Sections[3.2]and [3.3] Lastly, it
details the selection techniques and the experimental procedure
followed to answer the RQs in Sections [3.4] and

3.1 Research Question
This work focuses on the following research questions:

RQI1 Does a particular selection technique consistently
perform the best?
This RQ compares how the different selection techniques
perform (how well the set of mutants they select approx-
imated the mutation score obtained with the whole set of
mutants) under the different settings of the experiment
(programs mutated and sampling rate of mutants). The
objective of this RQ is to understand whether a par-
ticular technique should be considered as the “default”
static mutation techniques as it always provides better
performance than the other techniques, or if practitioners
should more carefully choose which technique to use.

RQ2 What factors influence the performance of the tech-
niques?
This RQ examines the factors influencing the perfor-
mance of the different selection techniques. It considers
attributes of the system under test such as its size, or how
well it is tested and how they impact the performance
of the selection techniques.

3.2 Subject Projects

We based our experiments on a diverse set of Java projects
used in other works [35]-[37]. Table [I] reports details on the
selected projects and the developer-written tests they provide:
the number of lines of code (LOC) and test cases (#Tests),
the number of FOMs generated in the experiments (#FOMs),
and the mutation score using all mutants (MS,) for each
project. For each project, the table contains a link to the
commit used in our experiments. The number of test cases was
reported by surefire [38] and the number of lines of code was
measured using the MetricsReloaded plugin in Intelli] [39].
These projects were chosen based on their different sizes and
application domains. For example, Jodatime is a date and

TABLE I: Subject Projects’ Details

Project #LOC #Tests #FOMs MS,
Javancss 2,142 204 679 29.16
Jettison 3,987 115 1,654 42.02
Net 17,411 553 7,292 4443
Jaxen 12,449 716 4715 65.62
Javautil 16,527 6,825 8,709 72.99
Dbutils 2,978 321 1,527 173.35
Jgrapht-core| 48,115 6,837 17,888 76.48
Antomology 442 35 246 76.83
Validator 7,899 990 3,498 78.82
Jodatime 29,950 4,232 16,170 83.96
Codec 9,527 1,723 5,652 85.21
Lang3 30,969 5,984 16,560 89.07
Text 10,601 1,392 6,302 90.75
Cli 2,151 438 1,200 92.33
Csv 2,179 849 1,089 97.25

time manipulation library, and Net is a library that contains a
collection of network utilities and protocol implementations.
The number of lines of code (LOC) per project ranges from
442 to 48,115. The projects are all accompanied by a set of test
cases designed to assess their functionality containing from 35
to more than 6000 tests.

3.3 The LittleDarwin Mutation Analysis Framework

In this work, we used the LittleDarwin [[13]] mutation tool
which is a mutation analysis tool for Java programs. Similarly
to the outdated MuJava [40], LittleDarwin generates mutants
by modifying the Java source code of a program, unlike tools
such as PIT [4] which generate mutants by modifying the
bytecode. While this negatively affects the performance of
mutation analysis it also leads to fewer mutants that are easier
to understand for practitioners. The version of LittleDarwin
used in our study (0.10.9) supports 14 operators: nine default
mutation operators that cover the classic set of operators
defined by Offutt et al. [25]], and five experimental mutation
operators which simulate null type faults and remove methods.
Table [II| describes all 14 operators. We used the 14 operators
to create all the FOMs for each project, which we use as the
full set of mutants, not including higher order mutants in the
experiments.

3.4 Selection Techniques

We compared ten different static mutant selection techniques
in the experiments:

« Random sampling (RMS): We implemented random sam-
pling of mutants as described in Section

« Stratified sampling (SO, SL, SC): We implemented three
stratified sampling approaches (see Section [2) using:
— the mutant’s operator (S0),
— the line of code that the mutant is on (SL), and
— the Java source code file the mutation appears in (SC).


https://github.com/codehaus/javancss/commit/b0d8a4a7c323fafcf0c7e418e0f4c0fee79a0cba
https://github.com/codehaus/jettison/commit/074000e6b385d34ee2e7c703feb1a1e29a369103
https://github.com/apache/commons-net/commit/7d713303155b77b0a028dc4f33733e3d9b74966b
https://github.com/codehaus/jaxen/commit/7d7755ac8b19daa2ff6f319f432b864cc72d89b6
https://github.com/jdereg/java-util/commit/0873fa2d713ff13ebafcd603e5cf4553ca93fe2b
https://github.com/apache/commons-dbutils/commit/513f831a2d9bfcfb53f69103d79a6ddd2143764c
https://github.com/jgrapht/jgrapht/commit/49b60d787ca715c0c558f62035dd23eeec57f6b3
https://github.com/codehaus/antomology/commit/f8dee7b5710b85b2bf15c2eef8d3e446b1cbd157
https://github.com/apache/commons-validator/commit/c3d82f59e5b1c3749c8e50cc4fc7ae8a01341271
https://github.com/JodaOrg/joda-time/commit/4a1402a47cab4636bf4c73d42a62bfa80c1535ca
https://github.com/apache/commons-codec/commit/0fdd68546238ae379da52f67a91afae58f4b7ef7
https://github.com/apache/commons-lang/commit/f92016c288410dd085ac4fdfab68375e7b18651b
https://github.com/apache/commons-text/commit/d924add19dcc93650e3ff90c18794b7e387fd942
https://github.com/apache/commons-cli/commit/70b55b60d21fd1b6190fe9819e06c0f7e685fff2
https://github.com/apache/commons-csv/commit/0bb7767e55769415626daaa6f385339f73dadcf8

TABLE II: LittleDarwin Mutation Operators

Operator Description

AOR-B Replaces a binary arithmetic operator
AOR-S Replaces a shortcut arithmetic operator
AOR-U Replaces a unary arithmetic operator

COD Removes a unary conditional operator

COR Replaces a binary conditional operator

NIV Replaces a method’s object reference by null
LOR Replaces a logical operator

NOI Replaces a new statement with null

NRV A method returns an object, replaces it by null
RM Removes the contents of a method

RNC Replaces a null check by true or false

ROR Replaces a relational operator

SAOR Replaces a shortcut assignment operator
SOR Replaces a shift operator

This last method is used as an approximation of class
based sampling, as LittleDarwin does not report on the
class a mutant is in. This approximation only affects
nested classes.

o Selective Mutation (0G;, 0Gy, 0G3): We created three
mutation operator groups based on the operator categories
defined by LittleDarwin [[13]]. First, we merged the null
type and RemoveMethod operators as one group, operator
group one (0Gy). Then, the default and RemoveMethod
operators as operator group two (0G,). Finally, the default
and null type operators as operator group three (0Gs).
Table [[1I| shows the operators in each group. Note that no
operator group is a subset of another.

« Hybrid Selection (HG,, HG,, HG3): We investigated three
hybrid selection strategies which combine the operator-
based selection and random sampling [10]] techniques:
HGy, HG,, and HGs, i.e., 0G4, 0G,, and 0Gs followed by
RMS respectively.

3.5 Experimental Procedure

To answer the RQs, we executed the seven selection tech-
niques that integrated an element of random sampling using a
sampling rate ranging from 10% to 90% in steps of 10%. We
ran each technique on each project with each sampling rate
independently 1000 times (i.e., 7 * 9 * 15 % 1,000 = 945,000
runs in total) to address the inherent variability in randomly
selected samples and to obtain a more reliable estimate of the
methods’ performance. Indeed, techniques involving stochastic
elements should ideally be evaluated through multiple repeti-
tions to ensure reliability of the results [41]], [42]. The three
operator-based techniques (0G4, 0Gy and 0Gz) do not have a
sampling rate parameter and we did not run 1000 times as
they are deterministic, i.e., they lead to 45 runs in total.

3.6 Evaluation metrics

The aim of these experiments is to evaluate how well the
different sets of mutants produced by the mutant selection
techniques approximate the mutation score of a test suite ob-
tained using all mutants generated from a project. To evaluate
this we focus on one metric, the relative mutation score error,
defined as follows:

|MS, — MS,|
MS,

Where M S, is the approximation of the mutation score
obtained from the selected mutants, and M .S, is the mutation
score obtained using all mutants generated for the project.
The mutation score is computed following the definition in
Equation [I] Considering the amount of mutants generated in
these experiments and the considerable cost of determining
if a mutant is equivalent or not [43], all surviving mutants
are considered as killable (i.e., not equivalent) in these exper-
iments, making £ = 0. Equivalent mutants are out of scope
in this study, as our goal is to evaluate how well selected sets
of mutants approximate the mutation score obtained with the
whole set, rather than evaluating their adequacy (e.g., in terms
of subsumption or potential for test generation), and equivalent
mutants’ effect is consistent across full and the selected sets.

RE =

3.6.1 RQI

RQI explores whether one method consistently provides a bet-
ter approximation of M S, than another. Thus, it is concerned
with the ranking of the different techniques more than their
actual performance.

To answer this research question, for each of the iterations
on all the projects, and selection rates, we first ranked the
selection methods based on the relative mutation score error
they returned. For each iteration, the method that provided the
smallest RE is ranked first, then the next, etc.

Note that the operator-based techniques are only considered
for one of the sampling rates for each project, the closest
bracket to the proportion of mutants they used, rounded down.
For example, if a combination of operators selects 52% of
mutants generated for a project, the technique is only ranked
for selection rate 50% for this project. For each of the 1000
iterations, this operator-based technique has the same relative
error.

For each (project, selection rate) pair this provides us with
1000 rankings of the different methods. We aggregate these
rankings into a single ranking of selection techniques for each
pair using the Borda count method [44], a heuristic method to
aggregate full rankings. We use this method to determine the
ranking of the methods in the different settings. Indeed, this
RQ concerns the best method, and does not consider effect
size.

In order to provide a more complete view of the results we
also consider the best selection method using the MdRE metric
introduced in Section [3.6.2] in the different settings. MdRE is
used because it is more robust to outliers than the mean relative
error.



TABLE III: Mutation Operator Groups

Name # Operators Mutation Operators
0G, 5 NIV, NOI, NRV, RM, RNC
0OG» 10 AOR-B, AOR-S, AOR-U, COD, COR, LOR, ROR, SAOR, RM , SOR
OGs3 13 AOR-B, AOR-S, AOR-U, COD, COR, LOR, NIV, NOI, RNC, NRV, ROR, SAOR, SOR
3.6.2 RQ2 four times (3%). As in Table the hybrid techniques never

This research question focuses on the techniques’ performance
in the settings we consider, and what factors influence different
techniques’ performance.

To evaluate how well the ten selection techniques approximate
the mutation score of the complete set of mutants, we use
the median relative error (MAdRE), i.e., the median of the
RE across the 1000 repetitions of each technique in each
setting. As with the rankings, the operator-based techniques’
RE has the same value for each repetition. We use the median
rather than the mean because of its robustness to outliers.
Based on our definition of mutant selection quality, MdRE
values close to zero indicate that the sets of mutants selected
by a selection technique closely match the actual mutation
score, suggesting the selection technique is effective in that
setting. Alternatively, a higher MdRE signals that the selection
technique’s chosen mutants do not accurately represent the full
set of mutants.

4. RESULTS

This section presents the results of the experiments and the
corresponding findings according to the research questions
highlighted in Section Full results and materials to re-
produce them are made available online [45]].

4.1 RQI1 - Best Performing Technique

Table shows, for all project/sampling rate pairs, the selec-
tion technique that achieved the best performance, as measured
by the Borda count (Table [[Va) and by the MdRE (Table [[VD).
When a tie occurred, it lists all methods.

In Table SC, SL and SO perform well, with SC providing
the most accurate mutation score 67 times (50%) out of the 135
cases , SL 35 times (26%), and SO 27 times (20%) respectively.
Results also show that none of the techniques is the best for
a given project or a given sampling rate, except for Jodatime,
for which SC consistently did better than the other techniques
across all the sampling rates.

The selective mutation techniques (0G;_3) rarely performed
best, appearing only five times (4%) in Table altogether.
RMS appeared only once, and the hybrid selection techniques
never performed best, which can be explained by the low
number of mutants they use as they re-sample the selective
mutation techniques’ selections.

In Table SC, SL and SO also performed well, with SC
providing the most accurate mutation score 68 times (50%) out
of the 135 cases, SL 37 times (27%), and SO 25 times (19%)
respectively. Again, the selective mutation techniques (0G;_3)
altogether and RMS rarely performed best, each appearing only

performed best.

These results, shown by both aggregation methods, indicate
that static selection techniques relying on stratification (SC,
SL and S0) perform better than selective mutation (0G;_3),
random sampling RMS, and the hybrid selection techniques
(HG;_3) overall. However, this does not hold for all cases, with
selective mutation and random selection sometimes providing
the best results. Furthermore, the best technique among the
stratified techniques varies between settings. RQ2 examines
these variations and explores the factors that influence the
selection techniques’ performance.

4.2 RQ?2 - Factors influencing the techniques’ performance

Table shows that, for a given project, a different method
might be the best depending on the chosen sampling rate. It
also shows that at a fixed sampling rate, the best performing
sampling technique varies per project. We thus investigated
characteristics of the setting (sampling rate and project) that
influence the methods’ performance. Figure [I] displays the
MdRE calculated for the ten selection techniques across the 15
projects for sampling rates 10%, 30%, 50%, 70%, and 90%.
As described in Section [3.6.1] the MdRE for 0G,, 0G, and 0G3
is displayed in the closest bracket to the proportion of mutants
they selected. The sampling rate for the hybrid techniques is
that of the random selection performed after the operator-based
selection. Therefore, it does not correspond to the proportion
of mutants in the project that the selection includes, but is
higher than that. For example, the total number of mutants for
Antomology using all operators is 246 while after applying
0G; it is 199 (80%). Hence, HG; at 10% for Antomology uses
8% of all the mutants.

4.2.1 Testedness

Figure |1| shows that the different selection techniques struggle
on projects like Javancss and Jettison, which are poorly tested
compared to the other projects — having the lowest mutation
scores of 29.16 and 42.02, respectively. This can be explained
by the low number of killed mutants and thus selecting a
percentage of the mutants highly selects mutants that survived,
which leads to underestimation of the mutation score. Hence,
this produces the higher MdRE for these projects. However,
for well tested projects such as Cli and Csv — with the
mutation scores 92.33 and 97.25 respectively — we observe
lower MdRE for all the techniques as the mutant selections are
more representative of the full set of mutants. However, the use
of the relative error of the mutation score might skew these
results. Indeed, given the same absolute error, projects with
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(for SL, sampling rate 10%, MdRE = 114.3%; 100%; 100%; 100%; 48.57% for Javancss, Antomology, Dbutils, Jettison, Codec respectively, with stddev = 0; 0; 0; 0; 3.63)

Figure 1: MdRE (%) for the selection techniques on each project for different selection percentages with error bars (length

stderr)



TABLE IV: Best Selection Technique for each Project at each Sampling Rate

(a) Using the Borda Count

Sampling Rate (%)

Project
10 20 30 40 50 60 70 80 90

Javancss SC sC sC SsL SL SL SL S0 SL

Jettison SC SsL SL SL 0Gp, SL 0G; SL SL

Net SC SC 8SC sC sSC SC sC sSC sL

Jaxen SC SC SC sC SL SC SC sSC sL

Javautil S0 sC sC SL sC SL SL SC SL

Dbutils S0 sSC SC sC SO SsC S0 SC SL

Jgrapht SC SC SC sC sSC SL SC SL SC

Antomology SC SC SL SC SC SL SL SC SL

Validator SC SC SL sC SC 0Gy SL SC sC

Jodatime SC sSC SC sC sSC SsC SC SC scC

Codec S0 S0 SO0 SO SL S0 So SL SO

Lang3 SC sSC SL SC sSC S8C SL SC SL

Text SC SC S0 RMS 0G; SO SO SO SL

Cli S0 SC SO0 SO S0 SC 0Gs sSC SL

Csv SC S0 SO0 SO S0 S0 S0 sSO0 SL

(b) Using MdRE values

Project Sampling Rate (%)

10 20 30 40 50 60 70 80 90
Javancss S0 SC SC,S0  SL SL SL SL S0 RMS
Jettison SC SL SL SL 0G, SL 0G; SL SL
Net SC SC SC SC S0 SC SC sC SL
Jaxen SC SC SC SC SC SC sC sC SL
Javautil SC SC SC SL SC SL SL  SC SL
Dbutils S0 SC SC,S0 SC S0 SC S0 sC SL
Jgrapht SC SC sC SC SC SL sC SL SC
Antomology SC SC SL SL SC SL SL SC SL
Validator SC SC SL SC SC 0G4 SL sC SC
Jodatime SC S0 SC SC SC SC sSC sC SC
Codec S0 S0 S0 S0 SL S0 S0 SL S0
Lang3 SC SC SL SC SC SC SL sSC SL
Text SC S0 SC RMS 0G; S0 SC SO0 SL
Cli RMS,S0 SO SC RMS,SC RMS RMS,SC SC  RMS,S0 SL
Csv SC RMS,SC,S0 SL S0 RMS,S0 SL SL  RMS SL

smaller M .S, will yield higher relative errors (RE). Therefore,
this aspect of the results will require further investigation in
future work.

For projects that are not as well tested, however, other tech-
niques, such as coverage-based test selection [46] might pro-
vide faster mutation analysis results while using all mutants.
This would remove the need to approximate the mutation score
but require the collection of coverage data, which could be
complex depending on the way a project is built.

4.2.2 Project Size

The size of the projects, however, showed no distinct effect
on the performance of the selection techniques. However,
one noticeable exception was Antomology, which was the
smallest project and contained only 246 mutants. The selection
techniques yielded high error values, with the selected sets
of mutants being very small, and a single mutant’s status
having a high influence on the mutation score. Furthermore, in
such cases where projects are small enough, selection may be
unnecessary. For example, mutation analysis for Antomology
was completed in under an hour during our experiments.



4.2.3 Sampling rate

One would expect that the higher the sampling rate, the lower
the error. Results mostly follow this pattern, however, that is
not always the case. Indeed, we see a different trend in some
cases. For example, for Jodatime, SL shows better performance
at 30% (MdRE = 0.849%) than at 50% (MdRE = 1.508%) and
better performance at sampling rate 70% (MdRE = 0.158%)
than at 90% (MdRE = 0.173%). Antomology also shows better
performance at 30% (MdRE = 1.790%) than at 50% (MdRE =
3.795%). We observe a similar surprising pattern with SL, and
the hybrid selection methods on some projects. For HG; and
HG,, Antomology showed better performance at 70% (MdRE =
2.806%) than at 90% (MdRE = 3.103%) and at 30% (MdRE =
7.029%) than 50% (MAdRE = 8.338%) respectively.

This result means that, for some projects, some techniques
might produce a more representative selected set of mutants
using a small sample size than using a larger sample size.
When considering stratified selection based on line numbers
(SL), this pattern might be the result of the unbalanced
distribution of mutants across lines. For instance, Jodatime has
a lot of strata with only one or two mutants and its biggest
stratum contains 12 mutants. As the selection rate goes up, the
lines with more mutants start being over-represented in the
selected data, which can impact the approximated mutation
score, For example, at a selection rate of 20%, a line with
four mutants will contribute zero or one mutant, the same as a
line with one mutant, while it could contribute three mutants
at a selection rate of 70%, three times more than the line with
one mutant.

A noticeable pattern is the bad performance of SL at 10%
sampling rate, this is explained by the strata not only being
unbalanced, but also being typically very small (each line of
code contains only a few mutants), which means no mutants
is selected from these strata at 10%. For example, the MdRE
for Javancss is 114.33%. Interestingly for this setting the
1000 runs resulted in the same M S, of 62.5%, despite the
randomness of the process. When using SL, Javancss has
only five strata containing more than five mutants, only one
containing 42 mutants, two containing nine mutants and two
containing 7 mutants. When using SL at 10%, four mutants are
selected from the first stratum, and one from each of the other
strata. Although the selected mutants vary, all mutants of each
stratum are killed or survived (all mutants in a stratum have
the same status), leading to the same approximated mutation
score M .S, and error RE.

4.3 Global Analysis

Overall, the results demonstrate that the stratified techniques
outperform the other techniques in our studied settings. How-
ever, since there are three distinct methods within the strati-
fication selection and their performance varies depending on
the setting, it is not clear which method is the best choice for
a given project. This highlights the need for further analysis
to better understand the project characteristics to consider
when choosing which selection technique to use for a specific
project. Also, for well tested projects, the selection techniques

perform better, producing lower RE values than less well
tested projects (as shown by M S, in our experiments). Addi-
tionally, selecting too few mutants (i.e., using a low sampling
rate) produces very imprecise and unreliable approximations
of the mutation score and therefore should be avoided.

5. RELATED WORK

Reducing mutation analysis’ cost has lead to the development
of various mutant selection approaches. This section presents
other works comparing several state-of-the-art mutant selec-
tion techniques, focusing on their impact on both mutation
score and efficiency.

Gopinath et al. found that random sampling techniques are
more effective than operator selection methods [12] in approx-
imating mutation scores and that only limited improvement is
theoretically possible on its effectiveness [47]. In a subsequent
study, they also found that the mutant selection techniques
considered (many forms of operator-based and stratified sam-
pling on operators and program elements) often yield minimal
improvements in mutation effectiveness —- usually under 5%
—- compared to random sampling [48]]. They concluded that
random sampling is a more reliable approach for assessing test
suite quality and questioned the need for complex methods.
Their work emphasises the limitations of current methods
and suggests that simpler approaches may be more beneficial.
However, their research was limited to random sampling,
operator-based, and stratified (on operators and program el-
ements) selection, leaving hybrid approaches [[10] unexplored.
Furthermore their work considered bytecode level mutants
generated by PIT, while we consider source code mutants
which are fewer in number and more readable by practitioners.
Zhang et al. [9], empirically evaluated three operator-based
mutant-selection techniques [25], [29]], [31] against random
mutant selection to assess how good the selected mutants from
these three operator-based techniques are on average and also
how likely the selected mutants can be very bad. Their results
showed that none of the three operator-based mutant selection
techniques considered is superior to random mutant selection.
This finding suggests that random mutant selection may be
a better alternative to operator-based selection techniques.
Nonetheless, their work did not address stratified mutant
selection techniques, which we include in this work and can
also leverage mutant’s mutation operators (e.g., in SO).
Zhang et al. [[10] investigated the effectiveness of combining
operator-based mutant selection with random sampling (HG
in this work) to enhance mutation analysis’ efficiency. They
also compared various stratified sampling strategies, including
those based on program elements (e.g., the method the mutant
is in, the statement, the class of the mutant) and mutation
operators, across 11 real-world Java programs. Their findings
on stratified sampling technique revealed that sampling across
program elements is more effective than random sampling
or operator-based selection methods. They further confirm
that stratified sampling levels for certain program elements
can be either overly fine grained or too coarse, making
it select no mutant at all and this is also consistent with



our findings on stratified sampling over line numbers. Their
findings also revealed that sampling as little as 5% of the
mutants generated by operator-based selection could still yield
highly precise mutation score estimations, particularly ben-
efiting larger programs. Overall, the study concluded that
random mutant sampling strategies based on program elements
are more effective than operator-based selection strategies,
especially for larger programs. These results confirm our own
findings but were obtained using the Javalanche [49] mutation
tool, which mutates bytecode rather than source code (which
can lead to hard to interpret mutants) and contains different
mutation operators to LittleDarwin.

6. THREATS TO VALIDITY

This section describes threats to the validity of our work and
the steps we took to limit them.

A first threat to the validity of this work is the limited
dataset (15 Java projects). This limitation is due to the cost
of mutation analysis. Even with this relatively small dataset
our experiments considered more than 90,000 mutants and
20,000 tests across all projects. In order to limit this threat
to the generalisability of our results we considered projects
of different sizes, covering different application domains, and
that were used in previous work.

Another threat to the generalisability of our results resides in
the choice of LittleDarwin as the mutation tool used for these
experiments. Results could differ if using another tool, as not
all tools produce the same mutants, or even operate on the
source code (some mutate the bytecode). Still, LittleDarwin’s
set of mutation operators covers most classic mutation opera-
tors [35], used in the majority of mutation analysis tools.
Finally, the metrics used in this work could be not adapted
to the questions we seek to answer. This work focuses on
the capacity of different static mutant selection techniques to
accurately approximate the mutation score obtained without
any selection of mutants. The relative error RE, which reflects
the distance between the two thus is a relevant metric. Many of
the techniques under study involving a degree of randomness,
they required to be run multiple times. We used both the Borda
count method and the median to aggregate these repeated
results, two widely used methods.

7. CONCLUSION AND FUTURE WORK

This work evaluates ten static mutant selection techniques
and their ability to accurately approximate the mutation score
obtained using all mutants on 15 open source projects, at
nine different levels of sampling (i.e., considering different
proportions of selected mutants). We measured how well the
mutants selected by the different techniques approximate the
mutation scores of the different projects using the relative error
of mutation score. We aggregated results using the Borda count
method and the median relative error.

Overall, the empirical results show that stratification based
mutant selection techniques outperformed random sampling,

selective mutation and the hybrid selection techniques. How-
ever, no one technique provided the best results in all studied
cases.

Results also show that the quality of the test suite and the
proportion of mutants selected impact the accuracy of the
approximated mutation score. All techniques provided more
accurate results on projects that were better tested, showing
that the mutation score and mutant selection are better used
on more mature test suites that are already (close to) adequate
for less demanding coverage criteria. Furthermore, as a whole,
using fewer mutants lead to less accurate results, although this
trend was not always followed.

This work focuses on the accuracy of the mutation score
approximation provided by the different mutant selection
techniques. While this is a major factor to consider when
using mutation selection, it does not reflect aspects such as
fault coupling or test selection ability of the selected mutants.
In future work, we plan to explore other metrics such as
mutants’ representativeness (i.e., the proportion of the minimal
mutants set included in the selected mutants) to further explore
the quality of the selected mutants sets. This will require
information not yet provided by LittleDarwin which we are
working on obtaining, in particular the complete list of tests
that kill each mutant. Furthermore, we plan to expand our
projects benchmark and explore the correlation between a
project’s features and the selection methods’ performance in
more depth to better understand when to use each technique.
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