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Abstract

Regression Test Prioritization is a consolidated industrial practice in
software evolution scenarios when there are limited resources allocated to
the testing phase. It aims to reduce the efforts of Regression Testing by
re-arranging the order of execution of test cases to increase the rate at
which faults are detected. Various prioritization techniques employ differ-
ent criteria to permute the test cases, as test coverage or meta-heuristics.
Few studies in literature consider the code churn, i.e. the modification in
the software source code, to drive the construction of the permutation.

To fill the gap, this thesis presents two novel prioritization techniques
leveraging on change information to produce a meaningful permutation.
The first technique, namely Genetic-Diff, is an approach based on genetic
algorithms to search for a permutation which prioritizes test cases covering
changed parts of the source code. The second technique quantifies the
structural similarity of changed code by means of Tree Kernel functions,
giving higher priority to test cases covering more structural changes.

The proposed techniques have been empirically evaluated on bench-
mark software projects, automatically injected with faults due code muta-
tions. For both techniques, the experiments showed a significant increase
in fault-detection performance, compared to several well-known state-of-
the-art prioritization approaches.

Moreover, this thesis presents ReCover, a novel dataset of software
projects with real faults, collected through mining online code repository,
to support Regression Test Prioritization researches. Several prioritization
strategies have been executed on ReCover and their fault-detection per-

formances analyzed and discussed.

Keywords: Regression Test Prioritization, Software Testing, Code Churn,

Tree Kernels, Genetic Algorithms, Benchmark Prioritization Dataset






Sintesi in lingua italiana

La Prioritizzazione dei Casi di Test é una pratica consolidata in contesti
di evoluzione software, quando le risorse allocate per la fase di test sono
limitate. Lo scopo ¢ ridurre il costo dei Test di Regressione mediante la
modifica dell’ordine di esecuzione dei test, per aumentare la rapidita di
scoperta dei fault. Differenti tecniche di prioritizzazione usano vari criteri
per permutare i casi di test, come test coverage o meta-euristiche. Pochi
studi in letteratura considerano le modifiche al codice sorgente (code churn)
del software per costruire le permutazioni.

Per colmare il vuoto, questa tesi presenta due nuove tecniche di pri-
oritizzazione che impiegano le informazioni sui cambiamenti per produrre
una permutazione utile. La prima, Genetic-Diff, ¢ una tecnica di tipo
genetico che cerca una permutazione in cui i test che coprono parti modifi-
cate nel codice abbiano alta priorita. La seconda fa uso di Tree Kernel per
quantificare i cambiamenti strutturali all’interno del codice, al fine di dare
maggiore prioritd ai test che coprono la maggiore entitd di cambiamenti
strutturali.

Le tecniche proposte sono state analizzate empiricamente su progetti
software di benchmark, a cui sono stati iniettati fault attraverso mutazioni
del codice. Per entrambe le tecniche, gli esperimenti hanno mostrato un
significativo incremento nella velocita di scoperta dei fault, comparati a
varie strategie di prioritizzazione allo stato dell’arte.

La tesi descrive inoltre ReCover, un nuovo dataset di progetti software
con fault reali, estratti da repository di codice pubbliche, per supportare
la ricerca in Prioritizzazione dei Casi di Test. Varie tecniche di prioritiz-

zazione sono state sperimentate sul dataset, e le loro prestazioni discusse.

Parole chiave: Prioritizzazione dei Casi di Test, Test di Software,
Code churn, Tree Kernels, Algoritmi Genetici, Dataset per Benchmark di

Prioritizzazione
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Chapter

Introduction

Discovering the unexpected is more
important than confirming the known

George E. P. Box

Testing plays a crucial role across the lifecycle of a software. It aims
to verify the application, ensuring it meets its requirements and that all
its components behave as intended to reduce the risk of defects in the
released software [125]. Software testing is often performed through the
design and the implementation of a test suite, i.e., a set of test cases whose
goal is to verify the behaviour of the application, exercising the operation
of its functional components in a controlled environment. The test suite is
typically stored together with the source code of the main application in
a codebase, allowing a readily execution of tests in case of needs.

One of the main scenarios in which a test suite needs to be re-executed
is when the software undergo maintenance activities. These activities cause
changes both in the software source code and in its test suite, by adding
test cases for new functionalities or modifying existing ones to ensure con-
sistency between tests and source code. However, in software evolution
scenarios it is also possible that modifications to the codebase will result
in invalidating previously working functionalities, causing a software re-
gression. To cope with this issue, a set of activities in the testing phase
are carried out by developers to re-validate the application. These activi-
ties are collectively referred to as Regression Testing [125, 130].
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During the re-execution of the testing phase during software evolution,
test case failures are valuable, as they can help the developers to locate and
correct the faults which may have been introduced in previously working
modules. Nonetheless, when the software is operational for long periods
and becomes more mature, the number of test cases in the test suite might
grow, and its execution may consume a large slice of testing resources, such
as time and money. Moreover, some common developmental practices such
as Test Driven Development |16, 126|, involve the generation of a high
number of test cases, and may further worsen the scenario by enlarging
the test suite even more over time. In these contexts, it is esteemed that
the cost of Regression Testing can account over the 50% of the total cost
of development [1, 76, 97|. For these reasons, research community puts a
lot of efforts in designing practices to reduce the cost of Regression Testing
activities.

In last years, software development has been characterized by rapid
changes in requirements, and several novel methodologies, such as Agile [3,
38], have spread in order to keep the pace with these rapid changes and be
more proactive, in order to satisfy the market needs [109]. These method-
ologies are often characterized by small and frequent increments in software
functionalities, to reduce its time-to-market. Moreover, other practices as
Continuous Integration/Continuous Deployment (CI/CD) [121, 135] and
DevOps |120], are commonly applied to further reduce the delivery time
of a software. These practices aim to automatize the steps in the software
lifecycle, from the build of the application to its final deploy, without in-
volving human control. For this reason, the testing phase is particularly
important, as it is the only mean to increase the confidence of a defect-free
release.

However, it is not always possible to re-execute the entire test suite,
usually due to constraints on the time to release the new software version.
For example, the Google codebase is esteemed to have over 150 millions
of test cases, growing linearly with every update (which, on average, oc-
curs every second) [90]. In similar scenarios, the execution of all test cases
might require days or even weeks, consuming a huge quantity of computa-
tional resources. Furthermore, feedbacks on failing tests, which may help
developers to correct defects, are delayed significantly, thus deferring the
software release. To mitigate the problem, several techniques to reduce the




costs of Regression Testing have been proposed in literature and employed
in practice.

Regression Test Prioritization (RTP) is one of the most applied ap-
proaches to reduce the efforts of Regression Testing, when resources allo-
cated for the testing phase are constrained. RTP aims to re-arrange the
order of test cases execution in the test suite, in order to maximize the rate
at which faults are detected [115]. The test cases are executed in the order
defined by this permutation of the test suite, until all testing resources ex-
pire. This can provide benefits to Regression Testing activities, increasing
the number of faults which can be discovered even if the testing phase is
suddenly interrupted.

Obtaining an ideal permutation of test cases in terms of rate of fault de-
tection is indeed unrealistic, as it involves the previous knowledge of which
test cases are going to fail before their effective execution. In practice, RTP
techniques usually employ heuristics to produce an effective permutation,
leveraging different proxy measures to build a meaningful permutation,
such as test code coverage [55, 68, 114], historical information of previous
test cases execution [72, 81| or model the problem in meta-heuristic frame-
works [48, 62, 141].

Changes made to the codebase are one the main causes of software
regressions, as these modifications may introduce defects. However, only
few RTP studies in literature (e.g., [65, 116]) consider the code-churn, i.e.,
the modification in the source code which have been made by developers
during the update to the codebase. Furthermore, these studies often em-
ploy a simple representation of source code changes, which may not fully
capture modifications made to the complex structures typical of modern
programming languages.

RTP is a highly empirical fields, in which the performance of the vari-
ous proposed techniques are evaluated and compared to other state-of-art
strategies. To this purpose, the vast majority of research studies employ
a dataset of benchmark projects, in order to extract software evolutionary
scenarios which can be representative of real-world software maintenance.
These scenarios are typically modelled through a pair of software versions,
to simulate the evolution from a previous state of the codebase to a new
and updated current version. Nevertheless, several employed datasets do
not present any fault in the execution of their test suite, due to the fact
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that in many cases the update to a code repository is performed by devel-
opers only after a successful execution of all test cases. To overcome this
problem, RTP scholars usually inject artificial faults in the source code,
either manually (e.g., [39]) or automatically via code mutations (e.g., |82,
83]).

Lately, due the spread of public code repositories and CI/CD pipelines,
such as TravisCI', in which developers can automatically execute all the
software phases, approaches of Mining Software Repositories have been
also employed in academic research to retrieve software projects in their
original building and testing environments, along with execution reports of
the various phases [133|. This latter information has been used to collect
projects to use in RTP studies including real-world faults, such as RTP-
Torrent [88].

However, datasets employed in literature are often limited, usually pro-
viding only the information on which a small set of RTP techniques relies
on. In some cases, these datasets presents projects without the inclu-
sion of their source code, but only some aggregate information (e.g., tex-
tual reports of test case failures in previous builds). Furthermore, RTP
datasets mined from software repositories seldom include the source code
of projects, only providing links to the remote location in which to find the
collected versions. In these cases, retrieving the source may not be straight-
forward, due to repositioning of the codebase or the removal of previous
build reports according to the policy of the specific CI/CD pipeline used.

The importance of sharing a common set of data and procedures is
paramount in empirical software engineering, in order to generalize results
of experiments and derive valid conclusions, limiting threats to the validity
of different studies. The scarcity of such data causes researchers of RTP to
often struggle to collect a set of benchmark projects which can be employed
in the experimentation of new techniques.

My research activities have been focused in filling these gaps. On one
side, I designed and evaluate RTP techniques embedding code-churn infor-
mation in their search for a permutation, with the rationale that software
faults and defects are introduced in changed parts of a software source
code.

My contribution to the RTP field has been the designing of novel churn-

"https://www.travis-ci.com/, visited on 19/01/2024.
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based prioritization techniques, in order to state whether the inclusion of
information on source code changes can be of any benefit to Regression
Testing.

To this purpose, a RTP approach based on the Genetic Algorithm (GA)
meta-heuristic framework has been developed, namely Genetic-Diff. This
technique aims to find a permutation which has a high rate of coverage
of the code-churn by employing a novel fitness function and crossover
operators, both leveraging a simple textual representation of code changes.
The fault-detection performance of Genetic-Diff has been evaluated on a
dataset of software projects with artificially injected faults, employed in
several RTP studies [82]. The results of the empirical evaluation have been
promising and showed an increase in the fault-detection rates with respect
to all employed baselines.

Moreover, I designed two RTP approaches employing a more refined
evaluation of the extent of changes in the source code. These techniques
leverage Tree-Kernel (TK) functions to evaluate the structural similarity of
source code using a meaningful tree-based representation through Abstract
Syntax Trees. The first technique, Method-Level Tree Kernel Prioritization
(MTK), uses this information as a basis to drive the process of test suite
permutation, in order to give higher priority to test cases covering higher
extents of changed structures. The second technique, Method-Level Tree
Kernel with Quotient-Set Prioritization (MTK-QS), is an evolution of the
MTK approach and is designed to re-arrange the permutation to increase
the rate of coverage of changed code parts. Both techniques have been
empirically evaluated on an extension of the dataset employed for Genetic-
Diff, to compare their fault-detection rate and execution time performances
with several state-of-art baselines. The experimentation showed that MTK
is not better than any of the considered techniques, while MTK-QS had
significantly higher performance in terms of fault-detection rate and in
terms of execution time in almost all considered scenarios.

I also contributed to the RTP field through the collection of ReCowver,
a novel dataset which includes several Java projects with real-world faults,
and equipped with a wide variety of useful information, such as coverage
reports and full source code. The dataset, namely ReCover, includes 114
evolutionary scenarios on 228 different software versions for 28 open-source
Java projects, and has been automatically mined from CI/CD pipelines
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and code repositories. It has been designed with the goal of recovering
missing information from popular collections used in RTP studies. The
dataset has been employed in different applications, such as one of my
study in Software Process Metrics field, investigating the effectiveness of
Artificial Intelligence (AI)-based fault-proneness metrics 7], and a pre-
liminary empirical evaluation of several RTP techniques on the projects
contained within.

Thesis Outline

The remainder of this thesis is structured as follows.

Chapter 2 introduces background concepts and definitions for RTP,
with the description of common employed metrics to assess the perfor-
mance of prioritization strategies, and an overview of various techniques
proposed in literature, divided by the type of information they leverage.

Chapter 3 presents the Genetic-Diff prioritization technique, a novel
meta-heuristic approach based on GA framework, which embed code-churn
information in its search for a permutation. The chapter provides some
background details on GA strategies applied to RTP, and shows the em-
pirical study to assess the effectiveness of Genetic-Diff. The technique and
the empirical evaluation have been proposed in my paper [5].

Chapter 4 describes two novel RTP techniques presented in my paper
[8], currently in production. The techniques are driven by a more refined
evaluation of extents of changes between two versions of a software source
code by the means of TK functions. The chapter exhibit contextual infor-
mation on TK, and details their usage in the proposed technique, along
with the empirical evaluation performed to evaluate their performances.

Chapter 5 introduces the ReCover dataset, containing heterogeneous
open-source Java projects with real faults to support RTP research and
published in my paper [6]. The chapter provides a detailed discussion on
the dataset collection process, and insights on its characteristics. Moreover,
it presents the results of the empirical evaluation of several RTP techniques
on the ReCover dataset, along with analysis and discussion of such results,
both in general and related to sampled specific scenarios.

Chapter 6 summarizes the topics and the findings in this thesis, and
presents a discussion on future research lines to pursue.




Chapter

Background and Related Work

You can do anything, but not
everything.

David Allen

Nowadays, RTP is one of the most widely-used approaches to ease a
software’s Regression Testing state. RTP strategies are applied during the
maintenance phases of a software, when a new version should be delivered
and constraints on testing resources do not allow the execution of the entire
test suite. For this reason, RTP techniques re-order the test-cases in the
test suite according to some criteria, and their ultimate goal is typically
to schedule the execution of failing tests earlier than the others.

This chapter introduces Regression Test Prioritization and different
techniques which have been proposed in literature to cope with it. The first
section presents different approaches to ease Regression Testing efforts, and
a formalization of the Regression Test Prioritization problem. The second
section describes some common prioritization metrics employed in RTP
studies to evaluate the effectiveness of different techniques. The last section
shows different state-of-the-art techniques which have been proposed in
literature to tackle the RTP problem.
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2.1 The Regression Test Prioritization Problem

This section introduces some approaches to reduce costs of Regression
Testing, including Regression Test Prioritization, and highlights their dif-
ferences and applicability. It then describes a formalization of the RTP
problem and propose a discussion about the possible goals of prioritiza-
tion, remarking the general intractability of its objectives in several prac-
tical contexts.

2.1.1 Approaches to Reduce the Cost of Regression Testing

Automated testing is the primary procedure to check the validity of a
developed software. During software evolution, automatic testing has a
two-fold purpose: it should guarantee that new requirements are satisfied
by the implemented functionalities, and it should also ensure that changes
in the software have not adversely impacted previously working functional-
ities by introducing faults in these modules. Verifying this latter property
is the main concern of Regression Testing activities [137].

A naive approach to Regression Testing consists in the blind re-execution
of all test cases which were designed for the previous version of the soft-
ware and have not been deleted by developers (e.g., because the changes in
the specifications made them obsolete), with the goal of checking if some
of them result in failures. The failure of a test case is often caused by the
presence of one or more faults in the software, and failing test cases can be
used by developers to locate and correct the faults. Although this naive
retest-all approach guarantees that all failing test cases are executed, it
does not scale well with the growth of the test suite. In fact, as the soft-
ware becomes more mature and undergoes to several evolutionary steps,
the number of test cases in the suite tends to grow larger, and their ex-
haustive execution could be remarkable long to complete, possibly taking
even days. In several scenarios, this cannot be feasible, as it can highly
impact the time-to-market of the software or exceed resources allocated
for the testing phase.

Several approaches to reduce the cost of Regression Testing solve this
issue by executing only a subset of all test cases in the test suite. In
particular, three approaches are commonly researched and applied in many
practical cases: Test Suite Minimization, Regression Test Selection and
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Regression Test Prioritization.

Test Suite Minimization or Reduction techniques [56, 34] aim to reduce
the number of test cases in a test suite, driven by the rationale that some
test cases become obsolete or redundant after several software evolutionary
steps. This could be due to the fact, for example, that the testing of newly-
added functionalities can subsume the testing of other subfunctionalities,
directly or indirectly called by the software modules which implement the
new requirements. Test Suite Minimization tries to produce the minimum
subset of the test suite which optimize some arbitrary adequacy criteria,
such as code coverage [115]. After the application of such reduction ap-
proaches, the size of the test suite will be actually reduced from that point
onward.

Regression Test Selection approaches [129] produce a subset of the test
suite which will be used in the Regression Testing phase, discarding all
other test cases for that particular evolutionary step. The test cases to
retain are selected according to some criteria, such as code coverage, test
execution history, software quality measures, or by the combination of
several of these metrics at once [93, 91|. The cardinality of the subset of
selected test cases could be defined a-priori, e.g., relative to the amount of
resources available for the testing phase, or established according to some
target properties the subset should meet (e.g., its overall code coverage
or the entity of changes in the code [22]). Differently from Test Suite
Minimization, Regression Test Selection techniques do not permanently
reduce the number of test cases in the suite, as discarded test cases can
still be selected to test subsequent evolution of the software.

Regression Test Prioritization strategies adjust the order of execution
of test cases, producing a permutation of the test suite [115, 96]. This per-
mutation should provide a more meaningful ordering of test cases, typically
to discover faults in the software as soon as possible. Unlike selection, RTP
approaches do not fix a-prior: the number of test cases which are going
to be executed, but the test cases are executed in the specified order until
the testing resources are depleted, interrupting the testing phase.

Regression Test Minimization and Selection can potentially produce
significant flaws in the fault-exposure capabilities of the testing phase
[115, 96]. Some studies (e.g., [113]) detected that the capability to ex-
pose failures in the software can be severely compromised when applying
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Test Minimization approaches. These studies showed that although the
costs to perform regression testing are reduced due to the minimization
of the test suite, the loss of fault-detection potential after minimization
can widely vary depending on several factors, thus leading to an increase
of the risks to deploy defective software. Regression Test Selection ap-
proaches can also exhibit a loss of fault detection capability for the subset
of test cases. Some Minimization techniques are defined as safe [111], in
the sense that no fault-exposing test case is discarded. The condition to
ensure safety, however, is not always granted and it is not generally pos-
sible to avoid the potential loss of fault-exposing tests in the minimized
subset [112, 115].

The main cause of reduction of fault-exposing capabilities of Regression
Test Minimization and Selection is due to the fact that they discard test
cases before the effective execution of the testing phase. This is particularly
true for Regression Test Minimization approaches, which permanently re-
move test cases from the suite, with the risk of deleting tests which can be
redundant for the current evolutionary step but may be useful to exhibit
faults in subsequent evolution of the software. On the other hand, for
Regression Test Selection, the produced subset can be constrained by the
criteria driving the selection, and therefore have a higher cost (e.g., if some
overall quality measure on the resulting subset should be guaranteed) or on
the contrary have reduced fault detection capabilities (e.g., if the constraint
on the size are driven by resource limits). For these reasons, Regression
Test Prioritization should be preferred in several scenarios [115]. Indeed,
as there is no limit on the number of test cases to be executed when ap-
plying prioritization approaches, the benefits for the testing phase can be
maximized even if the execution of tests is abruptly interrupted.

2.1.2 A Formal Definition of RTP

One of the first and most general formalization of the Regression Test
Prioritization problem can be found in [115]:

Definition 2.1 (Regression Test Prioritization Problem) LetT'S be
a test suite and TI(T'S) be the set of all the permutations of its test cases.
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Given an award function f : II(T'S) — R, find the permutation P such as:
VP € I(TS), f(P) > f(P)
that is, the permutation P optimizes the award function f.

It is possible to employ different award functions f, according to the
specific goal which a prioritization approach aims to achieve. The formu-
lation of the award function allows to measure quantitatively this goal.

Typically, the main goal of prioritization is to discover faults as early as
possible, leading to an award function which maximizes the rate at which
faults are detected. However, producing a permutation which maximizes
the rate of fault discovery results in an undecidable problem, as it would
provide a solution to the Halting Problem [115]. In fact, optimizing the
rate of fault discovery supposes the prior knowledge of which test cases are
going to fail before their are actually executed. Hence, it needs to know
the output of the execution of a program (specifically, a test case) without
executing it. A more manageable goal function measures the rate at which
test cases cover code units in the produced permutation. This goal function
is based on the rationale that the quicker the source code is covered, the
higher is the chance to exhibit faults in the software. Using this goal
function, however, makes the resulting problem NP-hard, as it is possible
to reduce the 0/1 Knapsack problem to it [115, 4]. In several practical
cases, sub-optimal heuristic approaches are applied. These approaches
often employ one or more prozry metrics (e.g., code coverage information,
software metrics, test execution history) as contextual information to re-
order test cases in the permutation, hoping to achieve high fault-detection
rates.

2.2 Metrics to Evaluate RTP Effectiveness

The Definition 2.1 introduces an award function f which is optimized
by the permutation of the test suite returned by a RTP approach. The
general definition of f can take into account several qualitative goals, and
a specific function can be designed accordingly to quantify these goals.
The function f is, in this sense, an evaluation metric for a permutation
[115], giving insights on how much a permutation is effective towards the
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selected goal. Due to the generality of f, it is typically not possible to
find the permutation which optimizes the award function, and different
techniques employ various heuristics to find good sub-optimal permuta-
tions. For this reason, the methodology involved in RTP research is highly
empirical, and effectiveness metrics play a crucial role in the experimen-
tation. RTP researchers typically use these metrics to compare different
approaches, and to state which technique can produce more benefits to
testing activities.

The remainder of the section presents the evaluation metrics that are
commonly employed to assess the performance of permutations toward
specific goals.

2.2.1 Average Percentage of Faults Detected

The most widely-used metric to assess the fault-detection performance
of a permutation is the Average Percentage of Faults Detected (APFD)
metric [115, 30, 96]. The APFD measures how quickly a permutation can
discover faults. It is defined as follows [41]:

Definition 2.2 (Average Percentage of Faults Detected) Let P be a
permutation of a test suite with n test cases, and let m be the number of
faults discovered by executing the entire test suite. The Average Percentage
of Faults Detected for P is:

mOFT( 1
APFD(P):l—M+—
n-m 2n

where FT (i) is the index of the first test case that exhibit the i-th fault in
the order inducted by P.

The APFD value is in the range ]0,1[. The closer the APFD value
of the permutation is to 1, the higher is the fault-detection rate for that
permutation.

Definition 2.2 arise from a geometrical interpretation of APFD. Given a
permutation of the test suite, it is possible to consider the plot which poses
on the x-axis the fraction of the test cases in the order of the permutation,
and on the y-axis the percentage of faults detected. A point (z,y) on this
plot states that the execution of the fraction x of the first test cases in the
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Figure 2.1. An example of the APFD metric. (a) The fault matrix for the
example. (b) The test suite fraction/percentage of detected faults plot for two
different permutation of test cases. The APFD value is the area beneath the
curve in the plots.

permutation discovers the percentage of faults y. Starting from this plot,
the APFD value for the permutation is represented by the area underneath
the resulting curve.

Figure 2.1 shows a geometrical example of APFD evaluation. Figure
2.1a presents the fault matriz! for a test suite of n = 5 tests (from A to
E) and m = 6 faults (from 1 to 6). Figure 2.1b presents the test suite
fraction/percent of detected faults plots related to two permutations of
test cases. The leftmost permutation needs to be executed completely to
exhibit all faults, while the rightmost one needs just the first four test
cases (i.e., 80% of the entire suite). Furthermore, the first permutation
schedules the test case B in the second place, which does not contribute to
discover any new fault. A curve is interpolated according to the discrete
values (represented by dashed boxes in the figure) of the test suite fraction
and faults percentage. As it can be seen, the rightmost permutation has a
better fault-discovery rate, expressed by the area underneath the interpo-
lated curves. As APFD measures this area, the APFD values of the two
permutations are 0.53 and 0.70, respectively.

To derive the formula in Definition 2.2, consider the plot in Figure

YA fault matriz is a Boolean matrix M € {0,1}"*™, where n is the number of test
cases and m is the number of faults. The entry M; ; is equal to 1 if the test case labeled
with 4 discovers the fault j, otherwise it is 0. In Figure 2.1a, values equal to 1 are
denoted by a ’x’ character.
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Figure 2.2. Derivation of the APFD formula in Definition 2.2, with a test
suite of n = 5 test cases and m = 5 faults.

2.2a. TheAPFD is equal to the area beneath the curve, which needs to
be evaluated. It is possible to note that the whole area of the plot is 1,
as it is the area of a square with side length equal to 1. From the whole
area, it is possible to remove the area of the m rectangles Ry, ..., Ry, in
order to evaluate the shaded region in Figure 2.2b. Each rectangle R; has
height equal to 1/m, as it represents the contribute of each fault to the
total percentage. To evaluate the width of the rectangle R;, note that it is
equal to the fraction of test cases needed to be executed to uncover fault 7,
ie., FTn(i), with FT(7) being the index of the first test case which discovers
this fault. Hence, each rectangle R; has area equal to %(Z) . % Adding all
rectangles R; together (with ¢ = 1,...,m) provides the summation term
in Definition 2.2.

To complete the area beneath the curve, there is the need to add all the
right triangles which were excluded while removing the area of rectangles.
Figure 2.2 shows the area of these triangles 7; (denoted with darker shades
in the figure). At first, note that there is a triangle for each test case, as
they are related to the horizontal shifts in the plot. Note that triangles
can also have area equal to 0 if the related test case does not contribute
to uncover any previously unexposed fault (e.g., the triangle T3 in Figure
2.2¢). To evaluate the area of any triangle T;, it is possible to see that its
base has length equal to 1/n, as it is precisely an increment in the fraction
of executed test cases. If the height of T; is equal to h;, the area can be
evaluated as % . % -h;. The total area of all triangles T;, with i =1,...,n, is
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equal to > 1" ; g—;l = % i hi. However, the last summation equals 1, as
the sum of all heights precisely provides the 100% percentage of all faults.
Thus, the area of all triangles is equal to %, which is the last additive
term in Definition 2.2.

The APFD metric represents the most common goal of prioritization
approaches, as the rate of fault-detection typically measures the effective-
ness of a permutation in practical scenarios. In fact, as in RTP the number
of test cases that can be executed is not set a-priori, the testing phase can
be interrupted at any point when testing resources expire. How rapidly a
permutation can discover faults can indeed be a useful measure to assess
the effectiveness of a RTP technique. However, APFD has some limi-
tations: on one side, it does not provide information on the amount of
resources that can be saved by the prioritized permutations, which is often
useful in practical scenarios; on the other hand, it assumes that all faults
have the same impact on the software and that all test cases have the same,
uniform cost of execution [42]. Although these limitations, APFD is often
employed in literature as the primary measure to evaluate the effectiveness
of RTP techniques.

2.2.2 Cost-Cognizant Average Percentage of Faults Detected

The APFD metric can be generalized, in order to allow it to manage
scenarios in which faults can have different impacts and the cost to execute
each test case can vary. This more general metric is the Cost-Cognizant
Average Percentage of Faults Detected (APFD,.) [42]. This metric extends
the APFD function given in Definition 2.2, taking into account different
weights both for faults and for test cases. The weight assigned to each
fault is a measure of the severity of the fault, and it is typically based on
the assumption that different faults have different impacts on the quality
of the application. For example, a graphical fault in the user interface can
be annoying to an user, but does not hinder application functionalities; on
the other hand, a fault in the implementation of crucial business logic can
severely compromise the software. Weights assigned to test cases are used
to quantify the cost of the execution of a test. This cost often refers to
the actual execution time of a test case, or the price of the infrastructure
for that test (e.g., if the testing environment is cloud-based and priced by
usage).
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Figure 2.3. An example of the APFD, metric. (a) The fault matrix for
the example, specifying costs assigned to test cases and severity of faults. (b)
The test suite cost fraction/percentage of detected fault severity plot for two
different permutation of test cases. The APFD, value is the area beneath the
curve in the plots.

In scenarios where faults can have different severity and the cost of
test cases can significantly vary, APFD can not reflect the effective goal of
prioritization. In these cases, it is possible to employ the APFD. metrics,
defined as follows [42]:

Definition 2.3 (Cost-Cognizant APFD) Let P be a permutation of a
test suite with n test cases with costs ty,ts,...,t,. Let m be the number of
faults in the software under test and f1, fo, ..., fm be the severity score of

each fault. The APFD,. of P is:
Siilfi - (et — 2tere))]
Do tio >t fi

where FT (i) is the index of the first test case discovering fault i in the
permutation.

APFD,(P) =

As APFD, also the APFD, metric has a similar geometrical interpre-
tation. In fact, it is the area beneath the curve in the fraction of test
case costs/percentage of severity of faults discovered plot. The x-axis of
this plot represents the cost of executing the test cases in the permutation
up to a particular fraction of the test suite, while the y-axis displays the
percentage of the total severity of faults discovered by a certain number of
test cases.
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Figure 2.3 presents an example of the APFD. geometrical interpreta-
tion. Figure 2.3a shows the fault matriz for the example, specifying the
costs of test cases and the severity of all faults. Figure 2.3b presents the
plot of two permutations. The leftmost permutation schedules the test
case A in the first position: its execution accounts for a 0.28 fraction of
the total cost of the test suite, and discovers two faults (i.e., 3 and 4) for
a 21% percentage of the total severity of all faults. The second test case B
increments the fraction of the total cost to 0.52, but it does not contribute
in increasing the discovered fault severity percentage, as it does not expose
any new fault. Executing the subsequent test cases produces an area of
0.42, which coincides with the APFD, value of the permutation. On the
other hand, the rightmost permutation schedules the test cases in a more
meaningful order, and in particular it can be seen that the execution of the
first 3 test cases (accounting for the 48% of the total suite cost) discover
faults for the 88% of the total severity. The APFD, metric on this latter
permutation is 0.76, showing an increased rate of fault severity-detection.

The main difference between the plot underlying the APFD metric (in
Figure 2.1) and the one used to evaluate APFD, (in Figure 2.3) can be seen
in the increments on the axes. The APFD plot presents uniform increases
on the x-axis, while these increments on the APFD,. plot are weighted
by factors which are proportional to cost of test cases. Furthermore, all
increments on the y-axis in the APFD plot are only proportional to the
number of faults discovered (i.e., if m faults are present, all increments
are proportional to 1/m). On the other hand, the APFD, plot presents
increments on the y-axis which are proportional to the severity of the
discovered faults, i.e., the severity acts as a weight for these increments.
Note that if costs and severity weights are equal, the function in Definition
2.3 can be simplified to the classic APFD metric.

The APFD,. metric needs an estimation of the severity of faults and of
the costs to execute each test cases. To what concerns test cases, typically
their cost is proportional to their execution time, and then normalized with
respect to the total time of the test suite complete execution. In specific
scenarios, different cost measures can also be employed, as the amount of
external resources used by the a test case (for example, in scenarios when
test cases require external infrastructures), and these measures can also be
combined with test execution times. To estimate fault severity, a common
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measure is the fixzing time, i.e. the amount of time needed by developers
to repair the fault.

These estimations for test cases cost and faults severity are however
available only after the execution of the test suite or even after the faults
are localized, and are not applicable in real contexts. For this reason
several studies estimate test costs with their execution times in previous
regression testing phases [64], while fault severity is typically estimated
through the criticality of the requirement or of the module a fault affects
[42, 105].

2.2.3 Metrics to Quantify Saved Resources

When evaluating the performance of Regression Testing approaches,
it is often interesting to know how many resources can be saved by such
approaches. This is particularly true for Regression Test Minimization and
Selection, while RTP techniques allow test cases to run until the accounted
resources are depleted. It is however useful to evaluate resource-saving
related metrics also in RTP, as these metrics can quantify the latency of
feedbacks of discovered faults, i.e., how rapidly developers could receive
notices about the failure of test cases. Although obtaining a permutation
which can exhibit faults at higher rates is of utmost importance, quick
feedbacks on failed test cases allow an earlier start of the fixing process.
In fact, even if the testing phase is still running, developers can focus on
fixing the faults discovered so far. To this end, different metrics can be
employed and used to complement APFD and APFD..

The Percentage to First Fault (PFF) metric evaluates the percentage
of test cases in the permutation which needs to be executed until the first
fault has been exposed in the software. It can be defined as follows:

Definition 2.4 (Percentage to First Fault) Letn be the number of test
cases in a test suite and let m be the number of faults in the software ver-
ston under test. Given a permutation P of the test suite, the PFF metric
15 evaluated as
1r<n‘i<n FT(i)
PFF(P) = =em
n
where FT(i) is the index of the first test case in the permutation P discov-

ering the i-th fault.
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The resulting PFF value is in the range |0, 1], with lower scores indicating
smaller number of test cases needed to be executed to exhibit at least one
fault. This metric quantifies the percentage of the permutation execution
at which developers will receive the first feedback.

Similarly, the Percentage to Last Fault (PLF) metric is used to measure
the percentage of the test suite which should be executed until all faults
in the software are discovered at least once.

Definition 2.5 (Percentage to Last Fault) Letn be the number of test
cases in a test suite and m be the number of faults in the software version
under test, and P be a permutation of test cases. The PLF metric of P is
ax FT(4)
PLF(P) = —/—=
n
where FT(i) is the index of the first test in the permutation P discovering
the i-th fault.

Note that for all faults, the maximum value of the FT function represents
the test case index which discovers for the first time the last remaining
fault, as all other faults were already discovered by previous test cases. The
range of PLF metric is |0, 1], and a lower score mean that the permutation
can uncover all faults more rapidly. This metric is an indicator of how
many test cases should be executed before programmers receive feedbacks
for all faults in the new software version.

PFF and PLF consider test cases with uniform costs, which is however
not the general case. In several scenarios, there is the need to quantify the
actual amount of time needed to obtain all feedbacks on faults, in order to
have an estimation of the resources saved by a RTP approach. This time
should include both the time consumed by the RTP approach to produce
the permutation, and the time of execution of all test cases until the last
fault is discovered. To this end, it is possible to consider the Relative
Effective Execution Time (EET,) metric of a RTP technique:

Definition 2.6 (Relative Effective Execution Time) Let S be a RTP
strategy, let P be the permutation of the n test cases in the software test
suite produced by S, and let m be the number of faults in the software ver-
ston under test. Given the times of execution of the test cases in the test
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suite t1,...,t, and the time Tg consumed by S to produce the permutation
P, the EET, value of S is:

T, Lt
BET(S) = —5 Zui=1ti ;znzzt} i
=1 "1

where | is the index of the first test in permutation P which discovers the
last fault for the first time.

In Definition 2.6, | = max;<ij<m FT (i) as previously established in Def-
inition 2.5, and thus the summation adds the execution time of all test
cases up to the test discovering the last fault. This metric assesses the
time needed to have the feedbacks on all faults, relative to the total time
of the test suite. Note that EET, value can be greater than one due the
addition of the strategy execution time Ts. These are the cases in which
the execution of a prioritization strategy tends to be too expensive, as it
depletes the test resources and reduces the amount of test cases which can
be actually executed significantly [59]. Thus, if EET(S) > 1 for a RTP
strategy S, then the application of the technique and the execution of the
test cases to discover all faults consume more time than the execution of
the whole test suite. In this case, there is no benefit in applying the RTP
strategy.

2.3 RTP Approaches in Literature

The main goal of RTP activities is to maximize the rate at which
faults are detected, and the functional definition of this goal is expressed
by APFD or APFD,.. Unfortunately, these metrics cannot be used to drive
prioritization approaches, as the information they rely on can be obtained
only a-posteriori, i.e. after the execution of the test suite. For this reason,
RTP techniques employ different criteria, using various proxy measures as
intermediate prioritization goals to re-order the test suite. These measures
typically include information on previous test execution, which are often
available during software evolution, or leverage properties of the version
under test to assign priority scores to each test case. In research scenarios,
these proxy metrics are used to prioritize the test cases in the suite, then
the efficacy of produced permutations is analyzed and compared through
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effectiveness metrics.

RTP approaches can be categorized according to the type of informa-
tion they take into account to drive the prioritization. This section provide
an overview of the different types of techniques which have been proposed
in the literature.

2.3.1 Coverage-based Approaches

Coverage-based RTP approaches leverage code coverage information to
drive the re-ordering of the test suite. The rationale of such methods is
founded on the fact that the number of code units exercised by a test case
might be used to predict its likelihood to discover faults in the software.
The coverage information of test cases in the version under test is typically
approximated by the coverage reports for testing activities of previous
versions. The coverage information can be exploited at different levels of
granularity of code units, e.g., statement coverage [114], branch coverage
[55], conditions/decision coverage [68|, and method /function coverage [42].
Typically, the desired property to maximize should be the rate at which
code units are covered by the test cases, but an optimal solution cannot be
easily found due to the intractability of the RTP problem using this goal.

Two widely-used coverage-based strategies are employed in practice:
the total and the additional strategies [114, 115]. The total strategy assigns
to each test case a score equal to the number of code units which are covered
by the test, then re-arranges the test cases in descending order of these
evaluated scores. The flaw of this technique is that it doesn’t take into
account which code units have already been covered by previous-scheduled
test cases, so the effective coverage rate can be slowed down. Nonetheless,
the total technique has a high degree of efficiency and in practice produces
acceptable results. The additional strategy aims to resolve the redundancy
issue of the total strategy. It selects test cases according to the increment
on the covered code units with respect to the tests which were already
scheduled. The additional strategy typically provides better results than
total, but its high execution cost in updating the sets of still uncovered
code units makes this strategy not suitable for all applications. To cope
with this issue, [54] developed a unified approach, combining both total
and additional strategies.

More recently, [63] proposed a novel coverage criterion called code com-
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binations coverage, which weights test cases according to the various com-
binations of code elements covered by them. [21]| have also proposed mean-
ingful combination of standard test coverage with code change (i.e., churn)
information. In this study, the authors considered procedure-level test
coverage information and devised a strategy focused at covering the pro-
cedures that were affected by changes in the new version of the software.

Trying to maximize the rate at which code units are covered can how-
ever results in permutations with low degree of fault-detection capability.
[55] investigated this phenomenon by designing a technique which maxi-
mizes the rate of code coverage, using integer linear programming. The
technique has been compared with an ideal permutation, maximizing the
APFD value. The results showed that even the permutations obtained
with this optimal technique, maximizing the rate of covered code units,
exhibited low scores in terms of fault detection-capabilities. For this rea-
son, solely relying on code coverage could generally provide a good solution
in terms of fault-detection rate, and thus other information should be con-
sidered.

2.3.2 Churn-based Approaches

The Code Churn represents the set of changes in the source code made
by developers, when the software migrates from a previous version to a
new one. Some RTP techniques leverage the code churn to drive the
prioritization, with the rationale that changed parts in the code are more
likely to cause software regressions. These techniques analyze the source
code to obtain meaningful information on changes, then prioritize the test
cases according to the amount of change they exercise. As all approaches
based on changes between software versions, churn-based techniques need
to be applied upon the actual release of the software version and could
not be pre-evaluated in advance. However, churn-based approaches have a
typically reduced cost with respect to other techniques as they solely focus
on the changes made to the software, and usually does not consider the
unchanged parts of the source code.

The study in [65] presents a technique to prioritize test cases in multi-
thread testing scenarios. The approach employs heuristics to find impacted
code points in the changes between the previous and new version, and
then prioritize test cases according to how many threads generated by a
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test case exercise the impacted points. The RTP problem has also been
modeled as an Information Retrieval problem [116]. In this approach, a
document collection is extracted from the source code of test cases, and
the differences between two program versions is modeled as a query on
the collection. Differences are extracted using a standard diff utility, and
then tokenized to create the query. The query results are then produced
using different well-established information retrieval techniques (e.g., TF-
IDF [117] or language modeling [108]). However, to apply this approach
a pre-processing phase of the source code of all test cases has to be per-
formed in order to construct the indexes of the document collection. This
phase can be time-consuming when the test suite is altered during the
software evolution, as it needs the update of the indexes and, if the test
suite grows over time, it could not be guaranteed that this process is per-
formed readily. Furthermore, in CI/CD scenarios with frequent updates
to the codebase, the updating phase might be triggered again without the
previous execution is over.

To the best of my knowledge, few studies in literature focus on a mean-
ingful evaluation of changes, limiting to use heuristics or simple textual
tools to analyze source code changes. Furthermore, code churn informa-
tion typically employed in RTP approaches considers just the amount of
change in the software, rather than the effective impact on the software’s
behavior a change could cause.

2.3.3 Model-based and History-based Approaches

To alleviate the non-trivial costs of collecting test coverage informa-
tion [20], some researchers have proposed model-based prioritization ap-
proaches |75, 15, 74]. These approaches are based on the creation of a
system model, i.e., a simplified abstraction of the system, and the prioriti-
zation leverages the properties of such constructed model. Chief benefit of
this kind of approaches is a reduction of the overhead to gather auxiliary
information due to this simplification.

An early approach [15] proposed the exploitation of Unified Modeling
Language (UML) diagrams in software design model, to automatically gen-
erate test cases and to prioritize test cases. In particular, UML diagrams
highlighting the dynamic aspect of the model were employed, such as se-
quence and statechart diagrams [44]. A RTP strategy which models the
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system under test via Extended Finite State Machine has been proposed
in [75]. This approach appoints higher priority to test cases covering more
state transitions in the model, focusing on the software parts which have
been updated upon the new release. This strategy has been extended in a
subsequent study [74], by employing several heuristic to drive the prioriti-
zation. Although these approaches have been found to be promising also
in improving early fault detection [73|, the cost to build and update a suit-
able underlying model could not be affordable in all scenarios, and are typ-
ically more advisable for Safety-Critical Systems [18|. Other model-based
techniques leverage System Dependency Graphs and Static Call Graphs to
build the underlying system model [144, 103, 89]. The approaches approx-
imate test coverage information with paths in these static graph models,
and prioritize tests cases accordingly.

History-based prioritization techniques leverage project historical in-
formation and try to predict which test cases can show failures upon the
new release. Typically, these approaches exploit the software history to ob-
tain information on test cases which failed in previous executions |72, 105].
In addition, [81] further refined these intuitions by proposing a prioritiza-
tion strategy that does not treat all historical information uniformly, but
weights the importance of historical data according to the age of the infor-
mation. Another work [101] takes into account the fact that tests evolve
as well, by defining a class of prioritization strategies that rank tests based
on their similarity to the previously failing test cases. History-based ap-
proaches are typically less expensive than coverage-based and model-based
approaches, as they leverage historical information that can be easily col-
lected, typically through the analysis of the build reports collected during
the execution of continuous integration pipelines. However, these tech-
niques may not be well adapted to continuously changing testing environ-
ments with frequent changes in code and test suites, as these modifications
can lead to outdated or erroneous information about test cases [11].

2.3.4 Meta-Heuristics for RTP

A number of different RTP techniques employs meta-heuristic frame-
works to produce the permutation of test cases. These techniques aim to
find a good permutation in the search-space of all permutations of the test
suite. The goodness of a permutation is typically evaluated with respect
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to some particular desired properties as a function of the permutation, and
this function represents the objective function of the different techniques.
Such search based approaches are applied when it is unfeasible to find the
permutation optimizing the goal function of the prioritization problem.

The study in [79] is among the first exploration of these kind of ap-
proaches, and presents a comparison of greedy prioritization techniques
with hill climbing and GA approaches. GA have been employed to search
for an optimal ordering of test cases, usually leveraging history-based or
coverage information [62|. Other studies in the field employed other kind
of nature-inspired meta-heuristics, such as Ant Colony [48|, Bee Algorithm
[98], Fish School [141] and Particle Swarm |71].

The major flaw of these heuristic techniques relies in their execution
time. Although their iterative nature makes possible to interrupt the exe-
cution of such approaches at any time, often the short availability of testing
resources does not allow the execution of a reasonable number of iterations.
Thus, it is possible that the produced permutations are significantly sub-
optimal with respect to the goal function, and their effectiveness in RTP
can be inadequate.

2.3.5 Machine Learning-based Approaches

More recently, prioritization strategies employing Machine Learning
techniques have been investigated [102].

Several techniques employ reinforcement learning approaches. These
approaches aim to train an agent in order to assign scores to test cases,
then the test cases are ranked according to the assigned scores. Different
reinforcement learning models have been proposed in literature, including
Multi-Armed bandit [80], Artificial Neural Networks and Random Forests
[20], and these models are used to implement the underlying agent policy.
Typically, these models consider high level feature to derive policies, such
as complexity metrics or historical information.

Supervised learning approaches typically deem the ranking of test cases
in the RTP problem in three different models [20]: 1) pointwise [124, 66],
in which the ranking problem is transformed into an ordinal problem, con-
sisting in the labeling of test cases with ordinals representing their degree
of priority, and eventually ordering the test cases according to these scores;
ii) pairwise [77], in which test cases are considered in pairs and the model
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predicts the relative ordering of tests in a pair; iii) listwise [27], aiming
to produce directly the ranking of test cases without any intermediate
labeling. Several machine learning models have been employed in these
approaches, such as Neural Networks [124], Support Vector Machines [66]
and Recurrent Neural Networks [57).

Even if reinforcement and supervised learning-based RTP techniques
have been proven to be effective, their main issue is the need for a time-
consuming training phase on a large amount of data, which is not always
possible to collect [107, 102]. In particular, [110] used XCS, a rule-based
classifier, to implement a policy model and showed that a simpler model
can produce comparable results with respect to more complex models, but
with lower costs in execution time and training data.




Chapter

A Change-Aware Genetic
Algorithm for RTP

Breed is stronger than pasture

Silas Marner, George Eliot

Search-based meta-heuristic approaches for RTP rarely rely on code
churn information, typically leveraging code coverage or software historical
data as the basis to drive the prioritization process. The impact of changes
is often neglected, and should be better investigated. To fill this gap, I
proposed, with my research team, a novel RTP technique based on the
genetic algorithm meta-heuristic, with the peculiarity of embedding code
churn information in the search of a meaningful permutation [5]. The main
purpose of this genetic technique is to analyze whether code changes can
be used to drive the search for permutations in a more effective manner.

This chapter describes a novel change-aware genetic algorithm ap-
proach designed for Regression Test Prioritization. The first section pro-
vides some background information on the GA meta-heuristic framework,
detailing how it can be applied to the RTP problem. The second sec-
tion presents Genetic-Diff, a novel prioritization technique, which lever-
ages code churn information to drive the search for a suitable permutation
of the test suite. The third section describes the experimental setting for
the experimental evaluation of Genetic-Diff which has been performed.
The fourth and last section presents experimental results, along with their
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analysis.

3.1 Genetic Algorithms and Regression Test Pri-
oritization

The RTP problem can be modeled as a search of a particular permuta-
tion, optimizing some award function, among the set of all permutations of
test cases in a test suite. Award functions commonly employed in practice
cause the problem to be NP-hard, and the search of an optimal solution is
too costly. For this reason, a sub-optimal solution is generally acceptable
and meta-heuristic frameworks have been typically employed to perform a
more clever exploration of the search space of all permutations.

This section describes the fundamental aspects of the GA meta-heuristic,
explaining the core terminology and operators that are employed in this
framework. Moreover, it shows the typical modeling of the RTP problem
as a GA problem, presenting the encoding and the operators which are
commonly used for the task of searching a solution to the problem.

3.1.1 Genetic-Algorithm Meta-Heuristic

Meta-heuristics are a wide variety of techniques which are used to find
a sub-optimal solution in complex search spaces. Several meta-heuristic
techniques are nature inspired, i.e., they mimic behaviours and processes
in the natural environment to solve a complex search problem, as this
sort of behaviour often inherently exhibits some kind of intelligence [134].
Concerning RTP, GAs are one of the most popular and widely-used meta-
heuristics in literature to cope with the problem [12].

GAs base their foundation on the evolutionary theory of the survival of
the fittest, according to which strongest individual have higher chances to
survive [61]. In the GA framework, an individual represents an encoding
of a solution to the problem at hand, and it is composed by genes, i.e., the
various parts of the encoded solution. Two individuals differ according to
the genes they possess. A population is a set of individuals with a fixed
cardinality, decided before the execution of the algorithm. A GA starts
from an initial population, usually randomly generated, and simulates its
evolution during various iterations (or generations), based on the fact that
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Figure 3.1. Summary of the execution steps in a GA. Darker individuals
possess higher values of fitness function.

A

only the fittest individuals survive and give rise to offspring. The fit of one
individual is evaluated through a fitness function, assessing the goodness of
the solution encoded by the individual. The defined fitness function should
be suitable for the problem at hand, and the GA searches an individual
which could possibly maximize it.

The steps performed by GA are depicted in Figure 3.1. To evolve the
population from one generation to another, GA employ two operations:
mutation and crossover. The mutation operator randomly alter one or
more of the genes of a single individual, producing a brand new solution.
Type and probabilities of gene mutations are typically set according to the
specific problem. This operation enhances the exploration of the search
space, allowing the GA to consider different regions of the solution space,
with possibly high values of the fitness function. The crossover operator,
on the other hand, is responsible to breed two parent solutions and generate
one or more new child individuals. To do so, genes in the parents are mixed
according to specific criteria, and combined together to obtain the children.
Usually, mutating individuals are chosen randomly from the population,
with at least one parent in the pair of solutions used for the crossover being
an individual with high value of fitness function. The crossover operator
enhances the exploitation of the search space in regions closer to these
fittest individuals.

After applying the crossover and the mutation operator, new individu-
als are added to the population, increasing its size with respect to the fixed
a-priori size, and hence a selection step is needed to obtain an updated
population with the initially defined cardinality, usually by discarding so-
lutions with low values of fitness function. The remaining solutions are
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the survivors included in the population for the next generation. The se-
lector operator defines the policy to discard individuals. Typical selector
operators discard solutions by assigning a probability proportional to the
fitness value of an individual, in order to increase the exploration of the
search-space. After some designed finishing criteria is met (typically, after
evolving for a certain number of generations), the GA ends and returns
the individual with the highest fitness value found during its iterations.

3.1.2 Genetic-Algorithms Approaches for RTP

To model a RTP problem in the GA framework, the concepts of gene
and individual should be defined accordingly. As solution to the RTP
problem is a permutation of the test cases in the test suite, an individual
is represented by a sequence, which encodes the permutation. The most
common encoding identifies test cases in the suite with a unique integer,
and a permutation can be encoded by the sequence of these test case
identifiers. To be a valid permutation, the length of the sequence should
be equal to the number of test cases in the suite, say n, and each identifier
should not appear multiple times therein. In this case, an individual is
represented by n ordered genes, and the value of i-th gene is the identifier
of the i-th test case in the related permutation. Finally, a population is a
fixed set of sequences of test case identifiers. Figure 3.2b shows an example
of modeling the RTP problem in the GA framework.

The design of a suitable fitness function plays a crucial role in the
definition of a GA approach. When GA are applied to RTP, one of the
common fitness function employed in literature is the rate at which code
units are covered by the ordered sequence of test cases, and it is evaluated
by the Average Percentage of Transition Coverage (APTC) metric [12, 143,
37|. This metric is often employed as an approximation for the rate of fault
detection, with the rationale that a quicker rate of covering the code units
can exhibit higher rate of exposed faults. The APTC metric is defined as
follows:

Definition 3.1 Let P be a permutation of a test suite with n test cases,
and let m be the number of the considered code units in the software. The

APTC of P is |
APTC(P) = 1 — =170 | 1

n-m 2n
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Figure 3.2. Modeling RTP in the GA framework. a) Each test case in
the suite is labeled with an unique integer identifier. b) A population of 5
permutations of the test suite. ¢) An example of the Swap Mutation operator.

where FC(i) is the index of the first test case in P which covers the i-th
code unit.

The APTC formula has the same form of the APFD metric presented
in Definition 2.2. The only difference is in the semantic of the summation.
While APFD adds, for each fault, the index of the first test case in the
permutation discovering that fault, the APTC summation in Definition 3.1
runs through all the considered code units in the software, adding the index
of the first test in the permutation which covers that unit. However, as the
APFD is impossible to evaluate before the test have been executed, the
APTC metric can be reasonably approximated by using coverage reports
from previous software versions in order to link each test to its covered
units.

Furthermore, APTC can be geometrically intended as the area under-
neath the curve depicted by the permutation in the test case fraction/-
covered code units percentage plot. The code units can be considered at
different levels of granularity, and they typically are statements, branch/de-
cision points, and functions/methods, or even multiple criteria at once [37].
During the execution of GA, APTC is evaluated using dynamic coverage
reports collected in previous software versions, as, in real context the cov-
erage information of the version under test is unavailable (in fact, test cases
have not been executed yet). One of the main bottlenecks of this fitness
function lies in the number of code units used to evaluate the function.
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Indeed, it is proportional to the size of the software, and larger software
tend to have a greater number of code units. Even at a coarser granular-
ity, i.e. function/method, the evaluation of the formula in Definition 3.1
can be time-expensive, as it needs to be evaluated for each individual at
every generation, and for this reason it might reduce the testing resources
available in the validation phase by just performing the algorithm.

As individuals in GAs for RTP are permutations of the test suite,
the employed mutation and crossover operators are constrained to create
other individuals which are still valid permutations. That is, the operators
should guarantee that no test case is repeated in the produced sequences,
thus genes of individuals should have unique values to represent a con-
sistent permutation. Many mutation and crossover operators have been
proposed in literature for problems whose solutions are modeled by se-
quences, and these operators have been applied to RTP as well.

One of the most common mutation operator employed in GA for RTP
is the Swap Mutator [13, 78, 23]. This operator swaps some genes in an
individual to generate a new solution. It guarantees the consistency of
the sequence, as it just inverts the order of some pairs of test cases in the
permutation, without duplicating or removing any genes. Swap mutator is
configured with a tunable probability p, which represents the probability
of each test case to be swapped with another one. This probability should
be small (usually, p < 0.15), as higher values cause the swap mutator to
collapse toward a random shuffling of the sequence [5|. An example of the
swap mutator is represented in Figure 3.2c, where the pairs of swapped
test cases are the endings of the arrows. The first and second elements in
the swapping pairs are colored with different shades of grey.

Crossover operators manage to combine two parent sequences in one
or more children sequences. Genetic-based RTP approaches commonly
employ two basic types of crossover operators, both producing two new
child sequences: the Order Crossover and the Partially Matched Crossover
(PMX). Order crossover [35, 143] initially selects a random interval within
the sequences. All genes in this interval are swapped between the two par-
ents. As this can lead to duplicate genes, those outside the interval are
removed from one of the sequences, and the others are put from the right-
most point of the interval to its leftmost point (as if the sequence was
a circular array), to produce the first child. A second child can be con-
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structed by repeating the same procedure by swapping the role of the two
parents. The order crossover provides a good trade-off between exploita-
tion and exploration, as some parts of a good solution are retained (in the
interval), and the other genes are re-arranged (starting from the right end
of the interval).

The PMX operator [50, 143] differs from the order crossover operator
in the way it performs the re-arranging step. Similarly to order crossover,
a gene interval is randomly generated, and the genes within are swapped
between the two parents. As these two intermediate sequences can have
duplicate and missing genes, the conflicts need to be resolved. To do so,
PMX operator builds a map to find substitutes to these conflicting genes,
by evaluating the paths of corresponding genes between the sequences.
Once the map has been built, conflicting genes outside the interval are
swapped according to the map. Figure 3.3 shows an example of the PMX
operator. In the first step, the interval is randomly generated (represented
by the dashed lines) and the corresponding genes are swapped between the
parents. As it can be seen, this leads to a conflict in both sequences: the
upper sequence presents two genes with value 1, while the lower contains
a duplication of the gene with value 2 (underlined in the figure). To create
the substitution map, the gene of value 2 outside the interval is initially
mapped to its duplicate inside the sequence, which corresponds to the gene
3 in the upper sequence. This gene is not duplicated in the upper sequence,
thus the map proceeds to find the same value in the lower one, which in
turn corresponds to the position of gene 1 in the upper sequence. As gene
1 is a duplicate, the ending point of the map for the lower-sequenced gene
2 is completed, i.e., 2 is mapped with 1. The process of the map creation
for this conflict is displayed by the path of arrows in the figure. Eventually,
genes 1 and 2 are swapped between the two sequences to produce two new
valid permutations of test cases.

3.2 The Genetic-Diff RTP Technique

Meta-heuristic approaches to RTP, and GA in particular, usually em-
ploy limited information on code churn or does not take it into account at
all. Part of my research efforts has been focused to fill this gap, with the
goal of investigating whether the embedding of churn information in meta-
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Figure 3.3. An example application of the PMX operator.

Operation Operator

Fitness Function APTCyzy

Crossover Churn-Priority Crossover
Mutation Swap Mutator

Selection Linear Rank Selector

Table 3.1. The recipe for Genetic-Diff, showing all the operators employed
in the implementation of the technique.

heuristic approaches to RTP could provide benefits to regression testing
activities.

The Genetic-Diff RTP technique has been designed to this purpose.
This approach leverages both code coverage and code churn information.
Its main idea is that test coverage information should be integrated with
details on the nature of the coverage, under the assumption that changes
in the code might cause software regressions. Thus, higher priority should
be assigned to test cases covering more churned lines of code. For this
reason, Genetic-Diff aims to produce a permutation which has a high rate
of changed covered code units, i.e., which covers changed elements in the
code as quickly as possible. This technique has been designed in the GA
framework, as, among meta-heuristic approaches, it provides high flexibil-
ity and allows an extensively tailoring of the application to the problem
at hand. For this reason, a novel fitness function and a crossover operator
have been designed to develop Genetic-Diff, respectively Average Percent-
age of Transition Coverage on Differences (APTCgyy) and Churn-Priority
Crossover (CPX). For mutation and selection operators, Genetic-Diff em-
ploys the well-established Swap Mutator and Linear Rank Selector. An
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overview of all operators used in Genetic-Diff is shown in Table 3.1.

3.2.1 Average Percentage Transition Coverage on Differ-
ences

APTCy;f is an extension to the traditional APTC metric, and considers
the rate of coverage of changed code units only, rather than the coverage
of all code units in the software employed by this latter traditional metric.
To investigate if even a naive evaluation of the code churn can produce
permutations with good fault-detecting performance, the changes are con-
sidered in a Boolean fashion: each code unit is either changed (i.e., added,
removed or modified) or unchanged, and the code churn is represented by
the set of changed code units between the two software versions. However,
as test coverage information is available only for the previous versions,
we remove from the code churn all code units which have been added in
the new version, and the code churn results in the set of all removed and
modified code units. The main advantage of this representation of the
code churn lies in its easy evaluation, as it can be readily constructed us-
ing even simple textual diff tools. Using this representation of the code
churn, APTCgig can be defined as follows:

Definition 3.2 Let P be a permutation of a test suite with cardinality n,
and let m be the number of code units in the code churn between the two
versions of the software. The APTCgyz value of P is:

APTCqi(P) =1 - Lin O 1

n-m 2n

where FC(i) is the index of the first test case covering the i-th code units
in the churn.

The main difference between APTC in Definition 3.1 and APTCy;g is
the semantic of the summation index i. While in the standard APTC it
refers to the i-th generic code units, in 3.2 the cycle runs only on code units
which are changed. This reduces the time of evaluation of the function at
every granularity: the number of removed and edited code units is generally
much lower than the total number of source code elements in the entire
software. This is particularly true in modern developmental methodologies,
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such as Agile or CI/CD, in which the updates to the code base are small
and frequent. Hence, APTCyg loses its dependence on the size of the
software, and is proportional only to the number of the considered code
units in the churn.

3.2.2 Churn-Priority Crossover Operator

In order to give more importance to test cases covering changed code,
Genetic-Diff employs a tailored CPX crossover operator. It exploits do-
main information, i.e., the knowledge of which test cases cover code units
in the churn, to determine where genes of the two parents should be put
in the offspring. To create one child from two parents P, and P, CPX
sequentially scans the parents one gene at a time. That is, for a generic
position %, the i-th gene of P; is evaluated first and the i-th gene of P, is
scanned immediately after, before moving to the next position ¢ + 1. If
an encountered gene has been already inserted into the child, the gene is
skipped as its inclusion would introduce a duplicate into the child. Other-
wise, CPX chooses the position in which the gene has to be placed into the
child by checking whether the related test case covers or not any churned
code units. If it covers any element in the churn, it is entitled with higher
priority and it is put in the leftmost available empty position in the child.
If not, the gene is placed in the rightmost empty position. This process
ends when all genes in the parents have been scanned, and there is no more
empty space in the child. To generate a second child, the role of P, and
P is simply switched, and then the CPX operator terminates.

The pseudocode for generating a child with the CPX operator is pre-
sented in Algorithm 3.1. The algorithm takes the two parents P; and
P, as parameters. The child is initially empty (line 1), and the variables
frontPos and backPos stores the indexes of leftmost and rightmost empty
positions in the child, respectively. Initially, frontPos is set to 1 and
backPos is equal to the last position in any sequence, i.e., its length (lines
2-3). The while loop in lines 5-25 performs the operations to place genes
in the child. It ends when the child has been completed, that is when
frontPos become greater than backPos, meaning that no empty position
is available. The algorithm analyzes the i-th gene of parent P; (lines 6-14):
if the gene has not been already inserted, it checks if the related test case
covers the churn or not (lines 7-13). The auxiliary function coversChurn
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Algorithm 3.1 The Churn Priority Crossover algorithm [5].
Input: Py, Ps: parent sequences
Output: C': child sequence

1. child = |]

2: frontPos < 1

3: backPos < P;.length

4: 140

5: while frontPos < backPos do
6: if Py[i] & child then

7: if coversChurn(P;[i]) then
8: child[frontPos] < Py][i]
9: frontPos < frontPos + 1
10: else

11: child[backPos| < P][i]
12: backPos < backPos — 1
13: end if

14:  end if

15:  if Py[i] & child then

16: if coversChurn(P;[i]) then
17: child[frontPos] < Psli]
18: frontPos < frontPos + 1
19: else

20: child[backPos] < Ps]i]
21: backPos < backPos — 1
22: end if

23:  end if

24: 1< 1+1
25: end while
26: return child

is a boolean function responsible to evaluate this condition. If it evalautes
to true, the child is put on the frontPos index, and the variable is in-
cremented (lines 8-9); otherwise, it is put on the backPos position, which
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B F B F B F B

Figure 3.4. An example of the CPX operator for a test suite of five test
cases. Shaded cells refer to test cases covering elements in the code churn.
Bold-edged cells are the elements in the parents which are evaluated in each
iteration. F' and B represent frontPos the backPos values, respectively.

is successively decremented (lines 11-12). The analysis of the i-th gene
in the second parent is done similarly (lines 15-23). After the execution
of the while loop, the child is eventually returned. Executing Algorithm
3.1 again, swapping the actual parameters P; and Ps, provides the second

child.

Concerning the algorithm’s complexity, note that the while loop it-
erates at most for n iterations, where n is the length of a sequence. In
fact, both parents are permutations of the set {1,...,n}, so the algorithm
enters in one of the two if constructs in lines 6-14 or 15-23 exactly n
times. Every time it enters, either frontPos is increased or backPos is
decremented, eventually making the while condition false after at most n
iterations (the worst case is actually when the P; = P»). Checking if a
gene has been already inserted into the child can be implemented in O(1)
time and O(n) space using a boolean map, as the number of gene val-
ues is upper-bounded by the number of test cases and fixed a-priori. The
auxiliary function coversChurn can be easily implemented in O(1) time
and O(n) space using a map which assigns, to each test case, the value
of true if that test case covers any element in the code churn, or false
otherwise. This map can be preliminary created before invoking the entire
Genetic-Diff algorithm, as it depends only on test case properties and not
on their position in a permutation. As all other statements in the while
loop take constant time, this implementation of CPX has a complexity of
O(n) time and O(n) space.

Figure 3.4 shows an example of the CPX operator, presented in [5].
The example considers a test suite with five test cases, labeled from 1 to 5.
Test cases 1, 3 and 4 cover some code units in the code churn in the version
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pair, and the two parent sequences P, and P». At the beginning of the
algorithm, the front position is set at index 1, while the back position is 5.
The first iteration of the algorithm evaluates the test case 1 from P; and
test case 3 from P». As test case 1 covers the code churn, it is placed in the
first position of the child. Test case 3 in P, is placed in the next position,
as it also covers elements of the code churn. The index of the front position
is now 3, while the back position is not changed. In the second iteration,
test cases 2 and 1 from P; and P, respectively, are evaluated. Test case 2
does not cover any element in the code churn, thus it is placed in the last
position of the child and the back position is decremented to 4, while as
test case 1 from P» has already been inserted, it is skipped. In the third
iteration, test cases 3 and 2 are considered but are both skipped as they
are already in the child. When evaluating test cases 4 and 5, the first is put
after test 3, as it covers the code churn, while test case 5, not covering the
code churn, takes place behind the test 2. After this iteration, the index
of the front position is greater than the index of the back empty position,
and the algorithm ends. Eventually, the produced child is the test order
1, 3, 4, 5 and 2. It can be noted that the tests covering code churn have
higher priority with respect to those not covering any code churn element.

CPX produces two children in which genes related to test cases covering
churn are always prioritized before the others. This can lead to different
arrangements of test cases that prioritize the coverage on churn, aiming
towards a better exploitation of the search space in terms of APTCyig. In
fact, only test cases covering changed code contributes to this fitness func-
tion, and prioritizing these tests before those not covering churned parts
of the code has a better probability of producing higher APTCg;g values.
The exploration of the search space is also enhanced by the interleaving
of test cases between the two parents, as different orders of churn-covering
test cases are produced. In particular, when the size of the test suite grows,
it can help to consider several different ordering of test cases. The choice
to produce two children also contributes to widen the search space around
permutations in which test cases covering changes are scheduled earlier
than the others.
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3.2.3 Mutator and Selector Operators in Genetic-Diff

To complete the design of Genetic-Diff, the operators for mutating
the individuals and for selecting the survivors of the next generation has
to be defined. As the crossover operator is generally suggested to be the
main contributing operator to find a good solution [143|, both mutator and
selector operators employed in Genetic-Diff are well-established operators
used in GA RTP approaches. The mutator operator picked for Genetic-
Diff is the swap mutator, defined in Section 3.1.2. This mutator usually
guarantees a good amount of diversification in the mutated permutations
produced, especially when the number of genes is high (a common case in
RTP approaches, as the cardinality of the test suite tends to grow). Thus,
the exploration of the search space is widened to more regions in the space,
complementing the exploitation capabilities of the CPX operator.

To select the survivors for the population of the next generation, Genetic-
Diff leverage the Linear Rank Selector [24]. The selector starts from a
population obtained at any iteration of the GA, united with all children
obtained by crossover and mutated solutions. Firstly, it orders the en-
hanced set of solutions according to their fitness-value, in ascending order.
Then it assigns a probability to each of these solutions, which is propor-
tional only to the rank occupied by the solution in the ordering. Then, it
randomly selects test cases according to their probability, until the num-
ber of selected elements is equal to the fixed size of the population. Linear
Rank Selector evaluates the probabilities as follows:

Definition 3.3 Given a population of N solutions in increasing order of
fitness value, with rank N assigned to the best solution and rank 1 to the
worst one, the probability for a solution with rank 1 < i < N to be selected
for the next generation is:

Py = (40 =) =Y )

with n™ >0 and n™ =2 —n~, to held the size of the population constant.

In Definition 3.3, the probability to choose the worst and best solutions
are equal to % and %, respectively. The constraint on 7™ makes n~ the
only configurable parameter, and it represents the reproduction rate of the
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worst individual in the population (typically, = € [0, 1]). It can be noted
that these probabilities are linearly assigned, that is they belong to a line
with slope equal to %

The main motivation to employ Linear Rank Selector in Genetic-Diff
is due to the fact that, typically, rank selectors are more effective than
proportional selectors in GA involving sequences and permutations. As
proportional selectors assign a survival probability which is directly pro-
portional to the fitness value of a solution, individuals with very high scores
are usually never discarded, limiting the exploration of new solutions [139,
53]. On the other hand, although solutions with high fitness values have
a higher rank in the ordering, and thus a greater probability to survive,
these probabilities are assigned in a linear and fairer fashion. This helps
in reducing the stagnation of the search in narrow regions of the solution
space. Furthermore, Linear Rank Selector is also easy to evaluate, and has
a time complexity of O(nlogn), where n is the number of test cases [24].

3.3 Methodology and Empirical Setting

To assess the effectiveness of the Genetic-Diff RTP technique, an em-
pirical evaluation has been carried out, aimed at comparing Genetic-Diff
to different baseline techniques in terms of fault-detection rate.

This section explains the applied experimental methodology. Firstly,
the section details the process of retrieval of the benchmark data, i.e.,
different subsequent versions of software projects, in which it could be
possible to replicate or simulate failures in the source code. Then, it de-
scribes the implementation of the Genetic-Diff technique, along with the
baseline RTP approaches to compare the performance measure. Finally, it
presents the setup of the experiments and the target performance metric.

3.3.1 Data Collection and Subject Projects

Finding subject software projects to perform RTP experimentation is
not an easy task. Several datasets in the RTP literature are collected just
to be used in the studies where they are presented, and the variety of infor-
mation used by different techniques often make these dataset incomplete
to be used for RTP approaches leveraging on other kind of information.
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For example, a small number of datasets provides also the complete source
code of contained software projects, while the vast majority of studies uses
only high-level metrics on the software. The source code is essential for
Genetic-Diff, as the extraction of the code churn would be otherwise im-
possible. Another issue related to the dataset collection is that publicly
available projects seldom provide real faults, as often their versions are
published only after potential test failures have already been corrected.
As the utmost goal in prioritization is generally the rate of fault detection,
it is a common practice in RTP study to use artificial faults, injected either
manually or automatically in the benchmark software.

Among several studies in literature, [82] presents a dataset of open-
source Java projects with different size and nature, with the full source
code and faults automatically injected via code mutation. Information on
the fault locations is also included in the dataset, making the evaluation of
several fault-detection metrics easier. Furthermore, a replication package
has previously been published!, containing several different versions of all
subject projects. Each version is furnished with its full source code, cover-
age reports and the location of all methods in which artificial faults were
injected. The software versions employed in the study ranged between
2012 and 2015, and the source code is representative of modern Java lan-
guage constructs.

From the dataset in [82], three projects have been selected for the em-
pirical evaluation of Genetic-Diff, as they can be representative of software
projects with different size and various number of test cases. To mimic
software evolution scenarios, four versions of each project have been col-
lected and labeled from 1 to 4 in ascending order of their release date.

Table 3.2 show some statistics for the projects involved in the empir-
ical evaluation of Genetic-Diff and some of their properties. JOpt? is a
small auxiliary library used to parse command line arguments. Even if its
Lines of Code (LoC) number is on average around 7k, the number of test
cases across the different version is relatively high. Metrics® is a Java tool
used to extract software static metrics used by developers in analysis and
debugging. Subject of the empirical analysis is the metrics-core package,

1But, sadly, it is no more publicly available.
*nttps://github.com/jopt-simple/jopt-simple, visited on 17/12/2023.
*https://github.com/dropwizard/metrics, visited on 17/12/2023.
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Project LoC # Tests Description
JOpt Tk 427 Library for argument parsing

Metrics 11k 294 Tool to compute software metrics

AssertJ 62k 2419 Assertion framework for testing Java
applications

Table 3.2. Subject projects for the empirical evaluation of Genetic-Diff. LoC's
and number of test cases are averaged between the 4 versions of each project.

which offers the basic functionalities used throughout the entire tool, and
it is a medium-small project with less than 300 test cases on average. The
last considered subject project is AssertJ4, a framework providing a rich
set of assertion used for testing various java application and compatible
with several test runner utilities. It is a large sized project, with an av-
erage of more than 60k LoC. It also provides a test suite with over 2400
test cases on average.

Concerning the injection of faults, the original experiments in [82] used
code mutation to simulate developer errors and, thus, faults. Code muta-
tion is a process consisting in the modification of the source code by altering
some syntactic constructs in order to create unintended behaviours in pro-
gram functionalities. It is applied in mutation testing to assess the quality
of a test suite [104]. In the field of RTP, code mutation is often used to
simulate real faults, due to not negligible efforts to retrieve software project
exhibiting this type of faults. However, typically faults injected via code
mutation are good substitutes for real faults, as the detection of mutants
is highly correlated with the detection of real faults [70].

‘https://github.com/assertj/assertj, visited on 17/12/2023
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Operator Name

Description

AOR Arithmetic Operator
Replacement

COR Conditional Operator
Replacement

LOR Logical Operator Re-
placement

ROR Relational — Operator
Replacement

ORU Operator Replace-
ment Unary

LVR Literal Value Replace-
ment

EVR Expression Value Re-
placement

STD Statement Deletion

Replaces a binary arithmetic op-
erator with compatible alterna-
tives.

Replaces a conditional opera-
tor with compatible alternatives.
Also replaces atomic Boolean
conditions with true and false.

Replaces a binary logical operator
with compatible alternatives.

Replaces a relational operator
with compatible alternatives.

Replaces a unary operator with
compatible alternatives, e.g., -a
can be replaced with ~a.

Replaces a literal with a default
value. A numerical literal is re-
placed with a positive number,
a negative number, or zero. A
Boolean literal is replaced with its
logical complement. A String lit-
eral is replaced with the empty
String.

Replaces an expression with a de-
fault value, such as 0 or null.

Removes specific kinds of state-
ments, such as method invoca-
tions, pre/post increment opera-
tors and assignments.

Table 3.3. Complete list of all mutant operators provided by the Major
Mutation Framework and which have been used in the fault-seeding process
of the Genetic-Diff experimentation.
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The mutant injection process in the evaluation of Genetic-Diff followed
the approach previously presented in [82]. Mutants were injected in the
fourth and most recent version available of each project, in methods which
are present in all versions and have not been deleted. The list of these
methods was available in the replication package of [82], and were originally
chosen through an analysis of the evolution of the software. The rationale
behind the choice to inject faults only in the most recent version is to
simulate different incremental steps in the evolution of the project, setting
the fourth version as the target version of the prioritization activity. As
the precise nature of the mutant (i.e., information on what kind of code
modification had been executed) was not available in the original package,
the mutants involved in the experimentation of Genetic-Diff is slightly
different, but the faults were however injected in the same methods where
they were injected in the original study.

To create and inject mutants in the dataset, the Major Mutation Frame-
work® has been employed. Although different tools to perform code muta-
tion are available in the Java ecosystem (e.g., PITS or MuJava”), the vast
majority of them performs the mutation directly on the Java bytecode®,
and it is impossible to precisely reconstruct the actual source code muta-
tion. On the other hand, Major applies mutations directly in the source
code, and supplies a wide variety of code mutation operators (presented in
Table 3.3).

Following the methodology in [82], starting from the set of mutants for
faulted methods in the last version of each subject software, a collection of
100 variants, with different sets of injected mutants, has been created for
each version. According to previous studies in literature (e.g., [83]), the
number of injected faults does not affect the evaluation metrics typically
used in RTP. For this reason, the number of mutants has been set to 5,
which is the same number used in [82], as it represents a reasonable value
to evaluate fault-proneness metrics. Thus, each variant presents 5 injected
mutants, which were randomly selected from the mutant set, in order to
simulate faults in the software.

"https://mutation-testing.org/, visited on 18/12/2023.

Shttps://pitest.org/, visited on 18/12/2023.

"https://github.com/saiema/MuJava, visited on 18/12/2023.

8 Bytecode is an intermediate language produced by the compilation of Java code,
which is interpreted and executed by the Java Virtual Machine.
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The source code of each variant consists of the original code of the
version, with the exception of the methods which are faulted in the variant.
For these methods, the mutated code is embedded in their original source
code. A fault matrix has then been built for all variants, accordingly to
test cases which fail due the injected mutants.

3.3.2 Genetic-Diff Implementation and Baseline Techniques

To perform the experiments, the Genetic-Diff technique has been imple-
mented in Java language using the well-known Jenetics Java framework?.
Jenetics is an optimization library specialized in the definition and the
execution of GA, Evolutionary Algorithms, Multi-Objective Optimization,
and many other meta-heuristics. The main strength of Jenetics is a clear
separation between core concepts of the GA framework, such as the various
operators employed in this meta-heuristic, with the actual execution flow.
Furthermore, Jenetics provides several commonly-used operators already
implemented, easing the effort to implement new techniques. For these
reasons, only the APTCyg fitness function and the CPX operator have
been implemented from scratch and embedded in the Jenetics framework,
and the Genetic-Diff approach has been readily developed. Jenetics also
allows a parallel execution of the algorithms in an user-transparent fash-
ion, and with several configuration options. This causes a reduction of the
execution times, both in research and practical contexts.

The first point in the setting of the experimentation of Genetic-Diff has
been the selection of the granularity of code elements used in its evalua-
tion. To this end, the APTCgig used in Genetic-Diff employs the statement
granularity level. This level of granularity has been typically used in dif-
ferent studies [142, 128] and usually provides permutations with better
performances in terms of fault-detection rate [12]. The empirical evalua-
tion of Genetic-Diff is performed at the same granularity. In this setting,
the APTCgg fitness function measures the rate of coverage of changed
statements, and thus the value of m in Definition 3.2 is equal to the num-
ber of churned statements in the source code. Another design choice for
the experimentation is related to the probability of gene mutation in the
Swap Mutator operator. This probability has been set to the commonly

“nttps://jenetics.io/, visited on 19/12/2023.
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recommended value of 0.1, in order to have on average a mutated solution
with a percentage of 10% of swapped genes. For the parameters related
to the execution of Genetic-Diff, the fixed population size has been set to
100 individuals, while the stop criterion considers the number of evaluated
generations, and this number has been set to 200. These values were com-
monly used in several studies which empirically evaluate GA for RTP [79,
82].

In order to perform the empirical evaluation, three baselines RTP tech-
niques have been selected to compare Genetic-Diff with:

e Total: the classical and widely-adopted greedy technique which or-
ders test cases according to the number of code units they cover
[114]. This is a deterministic technique, leveraging coverage informa-
tion from the previous software version to approximate the coverage
of test cases in the new version under test. In the experimentation,
coverage information is considered at the statement granularity. This
technique has been chosen for the experimentation as it is commonly
used in practical contexts, due to its straightforward implementation
and its good performances in several applications.

e Adaptive Random Prioritization Technique Max-Min (ART): an adap-
tive random technique [67], trying to prioritize test cases according to
their diversity. Initially, it generates a candidate set by randomly se-
lecting test cases until all statements are covered by this set. Then,
it iteratively selects, from the candidate set, the test case which
maximizes the minimum distance with the partial sequence of tests
already selected. To evaluate the distance between two test cases,
ART considers the sets of covered elements of the two test cases, and
assesses their distance by subtracting their Jaccard Index'® from 1.
This approach has been included in the experimental evaluation to
compare Genetic-Diff with an RTP technique using a different meta-
heuristic.

o Genetic-APTC: a GA using the classical APTC fitness function, at
statement granularity level, using the PMX operator as crossover

Given two sets A and B, their Jaccard index is J(A, B) = 422 The more J(A, B)
is close to 1, the higher the similarity between the sets [85].
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and Swap Mutator as mutation operator. This technique has been
added to evaluate if there could be benefits in the inclusion of churn
information compared to a similar approach which is only based on
coverage. To assess a fair comparison with Genetic-Diff, the popu-
lation size and the number of iterations have been set to the same
values, i.e., 100 and 200 respectively.

As a note, the choice of the Total strategy over than the Additional
strategy, as the deterministic baseline for Genetic-Diff, has been motivated
by the fact that the application of the latter strategy is often infeasible
in practical contexts. Indeed, although the Additional RTP technique
performs better than the Total strategy, it does not scale well with the
number n of tests in the application, as its presents an asymptotic time
complexity of O(n?), due to the need to update each not already-scheduled
test case with the revised number of uncovered code elements. As the
number of test cases typically present in software on which RTP strategies
are needed to be applied tends to grow, this quadratic scaling could easily
exceed the amount of resources allocated for testing.

3.3.3 Experimental Setup and Evaluation Metrics

The definition of the experimental setting should simulate, and be rep-
resentative of, real RTP scenario arising in practice, as much as possible.
As RTP is applied when a software evolves from a previous version V; to a
current version Vj, the base of an experiment involves a version pair, i.e.,
the pair (V;,V;), with V; being the version under test. In the Genetic-Diff
experimentation, for each project, the version V; is always the fourth and
last version of that project in which faults have been injected, named Vyp
to distinguish it from its original version Vy. Hence, each version pair has
the form (V;, Varp), with ¢ € {1,...,4}. Pairs with ¢ < 3 simulate differ-
ent entity of changes between the previous and the new version, and can
be representative of iterative updates to the code base typical in modern
Agile practices. Version pairs (Vy, Vi) are instead unrealistic scenarios,
as the only changes in the code are related to the injected faults. These
pairs were also included for evaluation purposes. In total, the experiments
involved 12 version pairs.

As the faulted version Vi of each project comes with 100 variants
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with different groups of faults, the execution of the techniques has been
evaluated separately for each one of the variants, in order to represent
up to 1200 different evolutionary scenarios. The data is then aggregated
on a version pair basis, to mitigate the effects of possible outliers in the
performance evaluation.

All the baseline techniques, along with Genetic-Diff, use coverage in-
formation. In order to mimic a real-world scenario, for each experimental
version pair (V;, Vyr), the coverage data used by the approaches is col-
lected from the execution of test cases of the previous version V;. As the
versions are numbered by their release date, older versions have older cov-
erage reports, which can be worse approximations of test coverage in the
new version. This is also useful to analyze on what extent the freshness of
coverage information impacts on the evaluated prioritization techniques.

Primary goal of the experimentation is to assess whether the exploiting
of churn information could lead to benefits, in terms of fault-detection rate,
to RTP activities. For this reason, the performance metric employed in the
study is the APFD metric presented in Definition 2.2, and it is evaluated
for all permutations produced by the considered approaches. Genetic-
Diff and all baseline techniques have been executed on each variants for all
experiments, and their APFD scores have been aggregated for each version
pair.

To assess the statistical significance of the evaluation, the Mann- Whitney
test [84] has been performed on the APFD values, aggregated for each ver-
sion pair. In particular, the test aims to verify if the APFD achieved by the
Genetic-Diff technique is significantly greater than the score of the other
baselines. Thus, the null hypothesis can be defined as follows [5]:

Definition 3.4 For each subject project s, verston pair v and baseline b,
the Mann-Whitney test null hypothesis is:

Ho*"?: The APFD achieved by Genetic-Diff on the version pair v of
the subject project s is not greater than the APFD value achieved by the
technique b in the same setting.

To have a high degree of confidence in rejecting the null hypothesis, the
threshold for the p-value has been set to a = 0.05. With p-values lesser
than this threshold, it is possible to accept the alternative hypothesis,
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AssertJ JOpt Metrics

1—=4F 2—=4F 3 —=4F 4—=4F 1—=4F 2—4F 3 —4F 4—4F 1—4F 2—4F 3 —4F 4 —4F

Total 0.63 0.66 0.71 0.76 0.91 0.85 0.91 0.93 0.79 0.78 0.75 0.78
ART 0.86 0.89 0.83 0.91 0.81 0.90 0.92 0.93 0.71 0.70 0.72 0.74
Genetic-APTC 0.87 0.87 0.83 0.88 0.89 0.92 0.96 0.97 0.82 0.83 0.84 0.87
Genetic-Diff 0.88 0.90 0.91 0.97 0.94 0.98 0.98 0.99 0.89 0.90 0.91 0.91

Table 3.4. Average values of APFD obtained during the experimentation of
Genetic-Diff on the subject projects, aggregated by version pairs considered in
the experiment [5].

stating that Genetic-Diff performs better than the baseline in the same
setting.

3.4 Results and Discussion

This section present the results of the empirical evaluation of Genetic-
Diff for the three selected benchmark projects, and discusses the inter-
pretation of these results, along with threats to validity that could have
affected the generality of results.

3.4.1 Results of the Empirical Evaluation

Genetic-Diff and the other baseline approaches have been executed on
all the experimental scenarios drawn in Section 3.3.3. For each version
pair (V;, Var) of each project, the different techniques have been executed
on all variants. Then, an APFD value has been evaluated for all the
permutations produced by the techniques on each single variant.

Table 3.4 presents the obtained results for Genetic-Diff and all baseline
techniques considered in the experimental setting. The table reports a
column for each version pair in the experimentation, and one row for every
executed technique. Each cell contains the average APFD value of all
100 variants of the version pair on the column for the technique on the
particular row.

As it can be seen, the average APFD value of the Genetic-Diff technique
is always higher than the results observed for all the baselines. Considering
the version pair (Vy, Vyr) for all the projects, Genetic-Diff achieves values
very close to the APFD upper-bound of 1. This is due to the fact that,
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in these cases, all changes between the original version V and its faulted
version Vg are the precise locations where mutation faults were injected.
Although this is not a realistic case, it is however possible to see from the
results that APTCgg and CPX cause Genetic-Diff to generally produce
permutations in which test cases covering churned statements have higher
priority. In all other experiments, i.e. (V;,Vyp) with 1 < i < 3, the
performance of the Genetic-Diff technique are on average better than the
baseline techniques, showing an improvement between 2% and 9% in the
APFD scores with respect to the second best-performing technique.

Concerning the freshness of coverage reports in the evaluation of the
techniques, it is possible to see the total baseline technique significantly
improves in the AssertJ project as the previous version V; get closer to the
last version. In this project, however, solely relying on coverage informa-
tion showed poor performances, as Genetic-Diff and all the other baselines
produce better APFD values. Indeed, the randomness component in their
execution seems to make them less influenced by the freshness of coverage
reports. Considering the first version pair (V1, V) of the JOpt project,
the total technique produces a mean APFD which is comparable with the
other baselines. However, starting from the pair (V5, Vyr) the trend al-
ready seen in AssertJ shows again. In the Metric project, instead, the
performance of the fotal technique shows fluctuations while moving to-
wards versions pairs involving more recent previous versions. This could
be caused by project size and test cases number, as the amount of covered
parts between versions does not change significantly.

To analyze also the variation of APFD results of all technique, the data
has been depicted via the box-plots in Figure 3.5. As it can be seen, the
Genetic-Diff technique performs generally better also in terms of medians
(the lines inside the boxes) and has also reduced variance in all cases,
showing narrower boxes. The trend regarding freshness of coverage reports
can be seen as well in this plot, both for AssertJ and JOpt. On the other
hand, the Metrics project shows no sensible correlation of the results with
the freshness of coverage reports, for the motivations previously stated.

Figure 3.6 presents the results of the statistical significance Mann-
Whitney test on the APFD results. According to the null hypothesis Hg’v’b
in Definition 3.4, to each software project s, version pair v and baseline
technique b, the corresponding cell shows the p-value obtained by the test.
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Figure 3.5. Box-plots of aggregated APFD values in Genetic-Diff exper-
iments [5]. Different boxes relates to different techniques and consider the
aggregation of APFD values among the 100 variants of each version pair.
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Figure 3.6. Mann-Whitney Significance test for the APFD results in the
Genetic-Diff experimentation [5].

When it is possible to reject the null hypothesis with high confidence, i.e.,
p < 0.05, the cells are shaded in green. In these cases, the alternative
hypothesis should be accepted, that is Genetic-Diff performs significantly
better then the baseline b on the version pair v of project s. On the other
hand, if in some setting it is not possible to confidently reject the null
hypothesis, the corresponding cell is shaded in red.

The results of the analysis stated that the null hypothesis can be re-
jected with very high confidence (p < 0.05), in almost all experimental
settings. In these cases, Genetic-Diff performs significantly better than
the other baselines. The only two experiments in which the hypothesis
cannot be rejected are version pairs (Va, Vyp) of AssertJ and (Vi, Vyip) of
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JOpt. In the former case, the ART technique achieve similar performances
(as it can be also seen by the box-plots in Figure 3.5), while, in the latter,
Genetic-Diff is not significantly better than the total technique, even if
In this latter case, however, p = 0.059, which is slightly higher than the
confidence threshold.

The results of the analysis showed that Genetic-Diff can provide bene-
fits to RTP activities in terms of fault-detection rate, and in almost all cases
these benefits are significant. This suggests that the employment of churn
information in prioritization techniques can help regression testing activi-
ties, and that the code churn can be a valid measure to drive the process
of re-ordering test cases, even though it is measured in a simple Boolean
manner. For this reason, a further question on which I focused during
my research has been to investigate whether more refined approaches for
evaluating code churn could be profitably used to guide the construction of
a test cases permutation towards increased fault-capability performances,
and if these more precise approaches could perform satisfyingly even if not
included in more complex frameworks, as the GA meta-heuristic.

3.4.2 Threats to Validity

This subsection presents the threats that could have affected the results
of the experiments and their generalizability, following guidelines proposed
in [140].

Threats to internal validity

Internal threats to validity relates to confounding variables which limit
the confidence in the cause-and-effect association between the experimental
conditions and obtained results.

To ensure a fair comparison between all the techniques, they were ex-
ecuted on the same machine, with similar load-conditions, and allowed
to each of them the same amount of time for termination. All the tech-
niques used the same input information, i.e., coverage reports, test reports
and source code (when needed) at the same level of granularity. In par-
ticular, to guarantee a fair comparison between the Genetic-Diff and the
baseline Genetic-APTC, the population size, number of generation and
common operator probabilities were set to the same values. Also, the
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three RTP baseline techniques were re-implemented according to the way
they were presented in previous works, and adapted to a common exper-
imental framework. For this reason, it is not possible to exclude some
differences between the original implementation and the one used in the
empirical evaluation of Genetic-Diff. To reduce this risk, the implemen-
tation of some baselines used the original source code, when available,
provided by the authors, and were only wrapped within the module of the
experimentation pipeline.

Threats to external validity

External threats to validity refers to possible issues which can weaken
the generality of findings and results.

A threat to external validity can arise from the set of software projects
considered in the evaluation. Three open-source Java projects have been
employed in the experimentation, and these projects have been already
used in prior RTP researches. The selected projects were chosen to be as
heterogeneous as possible, varying both in size (small, medium and large)
and in the number of test cases (from around 200 test cases to over 2400).
However, the number of projects involved in the evaluation might not be
representative of all kinds of Java projects.

Another threat to external validity is due to the usage of artificially
injected faults. In fact, as no real-world fault was available for the project,
faults were injected through code mutations. However, several RTP studies
employed the same kind of faults [82, 83|, and the process of fault seeding
has been carried out to follow these widely-used methodologies as much
as possible. Although these kinds of faults could not be representative
of all possible types of errors occurring during development, some studies
(e.g., [70]) stated that code mutants could be a suitable replacement to
real-world faults in in-vitro RTP experiments.




Chapter

Tree Kernel Prioritization
Techniques

Time spent amongst the trees is
never wasted time

Katrina Mayer

Typically, the various RTP techniques proposed in literature do not
leverage changes in the source code at all, or they do just to a limited
extent. Even when this happens, they often consider only the textual
similarity of source code between software versions, completely ignoring
the complex structures generated by the grammar of different programming
languages. Indeed, a natural and more informative representation of the
source code is through tree-based structures, such as Syntar Trees and
Abstract Syntax Tree (AST), which can better capture relations between
the various elements composing the code (e.g., a statement in a loop rather
than in a branch block), simultaneously highlighting the semantic of these
elements.

For this reason, part of my research has been centered on the appli-
cation of more refined methods to quantify the similarity between source
code fragments through their AST representation, in order to employ this
information to drive the construction of a test case permutation. Among
the different models to evaluate the similarity of tree-structures, I focused
on TK functions due both to their flexibility for different operative con-
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texts, and to their customizability for the specific problem at hand. Chief
goal of this research has been to investigate whether a novel RTP technique
based on these more refined measure of code-churn similarity could lead to
benefits in regression testing activities. This technique, namely the MTK
approach, and its evolution, the MTK-QS approach, have been proposed
in [8].

This chapter presents the MTK and MTK-QS techniques to prioritize
test cases, along with the results and the discussion of their empirical eval-
uation. The first section gives background information on TKs and their
application in the fields of Natural Language Processing (NLP) and Soft-
ware Engineering. The second section shows how TK functions can be
employed to measure the similarity of the AST representation of source
code. The third section presents the novel MTK and MTK-QS approaches
to RTP, designed during my research activities. The fourth section de-
scribes the methodology and the experimental setting for the empirical
evaluation, while, in the fifth section, the analysis of the obtained results
is presented, along with a comparison with different widely-used state-of-
the-art RTP techniques.

4.1 Tree-Kernels: Background and Applications

This section presents an overview on TK functions. At first, it gives
some information for kernel functions, and in particular convolution ker-
nels, contextualizing TKs in this more general framework. Subsequently,
the section describes the family of Tree Kernels, along with the most used
specific functions in this class.

4.1.1 Kernel Functions and Convolution Kernels

Kernel functions [29, 49, 60| have been extensively studied in the field
of Machine Learning. They are capable of evaluating the similarity of
two objects through a dot product in a high-dimensional space where the
objects are projected as data points. The evaluation of the dot product
is performed implicitly, i.e., without the intermediate calculation of the
data points in this new space, allowing an efficient similarity evaluation
in space with very high (or even infinite) dimensionality [28|. Given a set
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X, a function K : X x X — R is a kernel function if it is symmetric and
positive definite! [58].

Convolution kernels [58, 123, 100] are a family of kernel functions which
are used to evaluate the similarity between two discrete composite struc-
tures, such as sequences, trees or graphs. Convolution kernels consider the
fragments of the composite structures to evaluate their similarity. Frag-
ments are specific sub-structures, of different types, embedded in the pri-
mary structure of the composite object. Each pair of fragments that the
two structures have in common contributes to the similarity of the objects,
and the total overall similarity is evaluated by adding together the contri-
bution of all pairs of fragments. Different convolution kernel functions are
classified according to the type of discrete structure of which they evalu-
ate the similarity and the kind of fragments they consider, e.g., sequence
kernels (26, 138|, string kernels [58] or random walk graph kernels [136].

4.1.2 Tree-Kernels to Evaluate Similarity of Tree Struc-
tures

TK functions are particular convolution kernels which have been specif-
ically designed for tree-based structures and have been widely adopted in
many fields in computer science, such as NLP [31, 95| and software clone
detection [32]. They can evaluate the similarity of two ordered labelled tree
structures, taking into account both information of their topology and the
role of the nodes within. In fact, ordered trees are a particular kind of tree
structures in which the children of each node are expressed by a sequence,
rather than a set, in which a node has a precise position. This induced
order in child nodes provides details to the tree structure, carrying another
piece of information. A labelled tree is a tree structure which highlights
the semantic of each node due to labels, i.e., value nodes are marked with
and which reflect the connotation of the node in the entire structure. An
ordered labelled tree has the properties of both ordered and labelled tree.

An example of an ordered labelled tree, from the NLP domain, is de-
picted in Figure 4.1. The sentence " The cat eats a fish" is represented as
a tree structure through the rules of the English grammar, and semantic

YA function K : X x X — R is symmetric if for all z,y € X, K(z,y) = K(y,z). Tt
is positive defined, if for all n > 1 and any x1,...,2, € X, its Gram matrix K;; =
K (i, ;) is positive definite, i.e. for all c1,...,cn € R, 370 370 cicj K j > 0.
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Figure 4.1. An example of ordered labelled tree for the sentence " The cat
eats a fish".

and syntactic information is highlighted by the node labels. The root node
label S tells that the entire tree is a statement, and it is composed by a
noun phrase and a verbal phrase (its child nodes labelled with NP and VP,
respectively). The noun phrase node is the parent of a DT node, which
is referred to as determiner, and a noun node labelled with N. On the
other hand, the VP node is the parent of a verb node labelled with V and
another noun phrase, representing the direct object of the sentence. The
actual words of the sentence are stored in leaves (i.e., terminal nodes). This
representation preserves the pieces of information of the sentence both in
its structure (e.g., allowing to distinguish the subject noun phrase from the
direct object thanks to their position in the tree) and in the label assigned
to each node, which carries its semantic.

Due to their specialization to operate on ordered labelled trees, TKs
have been designed to take into account both the structural properties of
a tree, through the usual parent-child relation and the ordering of child
nodes, and the semantic of each part of the structure, through labels as-
signed to tree nodes. The basic idea of TK function is the evaluation of the
similarity between two tree structures by counting the number of substruc-
tures (i.e., tree fragments), that the trees have in common [95]. As TKs are
a specific type of convolution kernel, various TK functions arise according
to the particular kind of tree fragments they consider. In general, a TK
function can be evaluated by adding, for each pair of nodes in both trees,
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the contribution of all the common fragments in the trees rooted in these
nodes. More formally, the similarity of two trees using a TK function can
be evaluated as follows [95]:

Definition 4.1 Given two tree structures 11 and Ts, the similarity score
assigned by a Tree Kernel to the trees is expressed as:

K(T,T) = > ) A(ng,ng)

n1 €T no€Ts

where ny and ne iterate on all nodes of the first tree Ty and the second tree
Ty, respectively. A is a non-negative function expressing the contribution
of fragments in the sub-trees rooted in these nodes.

The type of considered tree fragments is delegated, in Definition 4.1, to
the A function. Generally, the evaluated similarity value is a real positive
number (i.e., in the range [0, +00[), regardless of the specific A function
used to quantify the extent of fragments contribution, due to its non-
negative constraint. However, in many practical cases a similarity score is
more useful if it is expressed as a percentage. For this reason, it is possible
to normalize a TK function [58, 31]:

Definition 4.2 Given two ordered labelled trees T1,To and a TK function
K, the Normalized Tree Kernel function K’ derived by K is:

K(Ty,T»)

K'(Tv,Ty) = VKT, T)) - K(Tz, Tz)

Given a tree structure, the maximum possible similarity value which
a TK function could output, using that tree as one of its arguments, is
the value obtained by evaluating the function on the tree with an equal
one (both in structure and labels, and thus with that tree itself). For this
reason, K (711,T1) and K (T5,T>) are always greater or equal to K(71,7T5)
and thus, in Definition 4.2, the square root of the product between these
self-similarities acts as a normalization factor. In fact, if the two trees T;
and Ty are equal, it follows that K'(Ty,T») = 1, representing an upper
bound to the similarity. As a consequence, similarity scores produced by
the normalized tree kernel belongs to the range [0,1]. The normalized
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TK function K’ is indeed a kernel function: it is symmetric, as it can be
easily proven that K'(Ty,Ty) = K'(T5,T1), and positive defined, as the
set of positive defined kernels is closed under product [58, 19]. Note that
the normalization can be applied to any kernel function using the same
operations, and not only to TKs.

Different TK functions have been proposed in literature, each of them
characterized by a particular type of A function. These functions differ
in the kind of fragments they consider during the evaluation of the con-
tribution. For example, a A function could be designed to ignore labels
assigned to nodes, in order to exclusively consider the structural relations
in the evaluated trees. Among all the possible TK functions, some tree
kernels have been extensively used in literature and are described here-
after.

To ease the mathematical formulation of the different types of A func-
tions, the following notation will be used in the remainder of the section:
if n is a node of a tree structure, its label will be referred as I(n), while
the sequence of its children will be denoted with ¢(n) and the i-th child of
n is denoted with the array-like notation ¢(n)[i]. Finally, the number of
children of a node n will be denoted with |c(n)|.

4.1.3 The Sub-Tree Kernel

A simple type of tree fragments which can be considered in the eval-
uation of similarity between two tree structures is the Sub-Tree. Starting
from a tree node n, the Sub-Tree rooted in n is the entire sub-structure
including n and all of its descendant up to the leaves. Figure 4.2 presents
some Sub-Trees rooted in different nodes of an ordered labelled tree (on
the left). Note that a leaf node is the root of a Sub-Tree including only
itself, e.g., the Sub-Tree with the only node labelled by f to the right of
the figure.

The Sub-Tree Kernel (STK) function evaluates the similarity of two
trees by counting the number of Sub-Tree fragments which the structures
have in common. The traditional formulation of STK [31] ignores leaf
nodes when evaluating the similarity. This is due to the fact that in many
practical applications, leaf nodes are typically labelled with tokens and
symbols which are unrelated to the structure of the tree. For example,
syntax trees employed in the NLP domain assign the actual words of a
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Figure 4.2. An example of some Sub-Tree fragments for an ordered labelled
tree.

sentence to leaf nodes, while the information on the sentence’s grammar
structure is expressed totally by the inner tree nodes.

A definition of the Agr function which characterizes the STK is the
following [94]:

Definition 4.3 Let ni,ny be two nodes belonging to two different ordered
labelled trees T1, Ty, respectively. The Agt function characterizing the STK
can be evaluate according to the following cases:

1. if at least one among ny and ny is a leaf, or l(n1) # l(ng), or
lc(n1)| # |e(n2)]|, then Agr(ni,n2) = 0;

2. if l(n1) = l(n2) and both child sequences of n1 and ng are composed
only by leaves, then Agr(ny,ng) = 1;

3. otherwise, Agr(ni,ng) = H'C(m |AsT(c(n1)[i],c(n2)[i])

As it can be seen by Definition 4.3, Agr is formalized as a recursive
function. Its possible values are only 1 or 0, and it can be seen as a Boolean
function verifying whether or not n; and ny are roots of equal Sub-Trees.
The first base step is applied when the nodes do not contribute to tree
similarity. This includes the case of leaf nodes, which are ignored, the case
in which the Sub-Tree fragments in n; and no are surely different, when
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nodes have different labels or different children. In this case, Agr provides
a null contribution. On the other hand, the second base step assesses a
contribution equal to 1 to the two nodes when their labels match and there
are only leaves beneath them. This means that the two nodes share the
same semantic role in the tree structure and are parts of common Sub-
Trees, ignoring leaves.

The third, recursive step applies when the two nodes have the same la-
bels, the same number of children and any node in their child sequences is
an inner node. In this case, Agt provides a value of 1 only if the Sub-Trees
rooted in the respective children are equal. To achieve this, Agr is recur-
sively evaluated on the pairs of children of n; and ne which share the same
position in the child sequences. The Agr values obtained for each pair are
then multiplied together to obtain the contribution to the overall similar-
ity. The product runs on all indexes of the child sequence ¢(n1), which are
the same of those in ¢(ng) due to the condition |c(n1)| = |c(ng2)| needed to
fall back into the recursive step. Note that any difference in the Sub-Trees
rooted in n; and ny causes Agr(ni,n2) = 0, as in this case at least one
Agr value in the recursive step is 0 and therefore nullifies the product at
all superior levels of recursion. Conversely, if the Sub-Tree fragments are
equal, the contribution of nodes is 1. Hence, deltast(ny,ny) € {0,1} for
all tree nodes n1,nsg.

A variation of STK, namely the STK+bow [95], also includes the
contribution of leaf nodes according to a bag-of-words model [145]. In
STK+bow, leaves contribute only to the overall similarity described in
Definition 4.1, without affecting the Agr function on inner nodes. To for-
malize the A function for STK+bow, it is possible to add another base
step in Definition 4.3, before the first one:

0. Agr(ni,n2) =1 if n1 and ny are both leaves and l(ny) = I(ng)

By adding this new base step, if two leaves are labelled with the same
value, their contribution will be equal to 1; otherwise, if they are not
both leaves or their labels mismatch, the first base step applies, assessing
a contribution of 0. This base case has the effect of adding the number
of repetitions of each leaf node common to the two trees to the overall
similarity evaluated by the STK-+bow.
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Figure 4.3. An example of some Subset-Tree fragments for an ordered la-
belled tree.

4.1.4 The Subset-Tree Kernel

Subset-Tree Kernel (SSTK) takes into account all common subsets be-
tween two trees to evaluate similarity. A Subset-Tree fragment, rooted in
any node n, differs from a Sub-Tree fragment in the set of nodes included
in the fragment: conversely from the latter, it is not mandatory for the
former to include all descendants of n, and the included nodes can stop at
any depth of the subtree. The only constraint in the set of node collection
is that any sequence of child nodes should not be split, i.e., when a node
is included in the fragment, all of its siblings should be inserted as well.
Figure 4.3 shows an ordered tree and some of its Subset-Tree fragments.
As it can be seen from the figure, it is not mandatory to include all nodes
down to the leaves in a Subset-Tree, but the child sequences are either
taken entirely, or not taken at all. As the collection of nodes can be inter-
rupted at any depth, it is also possible to insert all descendant nodes, down
to the leaves. Thus a Sub-Tree fragment is also a Subset-Tree fragment,
causing the set of all Sub-Tree fragments to be strictly included in the set
of all Subset-Trees. This allows the SSTK to consider a higher number of
common fragments than STK when evaluating the similarity between the
trees.

As seen with STK, the classic formulation of SSTK [31] ignores the
contribution of leaf nodes as well, and for the same reasons. In this case,
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the A function for SSTK can be expressed as follows [95]:

Definition 4.4 Let ni,ny be two internal nodes belonging to two different
ordered labelled trees T, Ts, respectively. The Agst function characterizing
the SSTK 1is defined as:

1. if at least one among ny and ngy is a leaf, l(n1) # l(n2) or |c(n1)| #
lc(ne)| is true, then Aggr(ni,n2) =0;

2. if l(n1) = l(n2) and both child sequences of n1 and ny are composed
only by leaves, then Aggr(ni,na) = p;

3. otherwise, Agst(ny,ne) = p - H‘ic:(?l)l (14 Agsr(c(n1)li], c(n2)[d]))

where p €]0,1] is a decay factor penalizing the contribution of deeper
Subset-Trees.

Definition 4.4 seems highly similar to STK in Definition 4.3, but pos-
sesses some crucial differences. Common points between the two definitions
are the condition in which base and recursive steps are applied, and a con-
tribution equal to 0 if no Subset-Tree fragment is common between the
sub-structures rooted in nodes ny and ny. On the other hand, to allow the
evaluation of all Subset-Tree fragments of these nodes, the argument of the
product in the recursive step has changed. In fact, the addition of 1 in the
argument guarantees that the product will be at least 1 if two nodes have
the same labels and the same number of children. If also the sequences of
children match, the contribution of each pair of child nodes will be greater
than 1. This can cause an exponential growth in the value of the product
if the depth of the trees is large, as these terms are multiplied together.
To mitigate this phenomenon, a decay factor p is introduced both in the
recursive step and in the second base step. This is a hyper-parameter of
SSTK and can be tuned according to specific needs. In any case, the val-
ues produced by Aggr are not constrained in the range {0,1} as in the
case of Agr, but they are actually in the interval [0, +o00], scaling with the
length of the child sequences and the depth of the sub-trees rooted in the
considered nodes nq,ns.

To take into account the leaf nodes, a variant for SSTK has been
also proposed, including the bag-of-word model for these terminal nodes,
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namely SSTK+bow [95]. It is defined in the same manner as STK-+bow,
by adding the same preliminary base step, i.e., Agsr(ni,ne) = 1 if ny and
no are leaves and are labelled with the same value. This variant of SSTK
allows to add the number of common leaf nodes to the sum of contribu-
tions in Definition 4.1.

The recursive step of Agt and Agst for STK and SSTK, respectively,
can be expressed with the same formulation, by using an additional pa-
rameter o € {0,1} which allows to distinguish between the two. Given
two tree nodes n, ng, this shared formulation [95] is:

le(n1)]

Agrysst(ning) = p- [[ (o4 Asrssr(e(n)[i], e(n2)[i])) (4.1)
=1

When o = 0 and p = 1, Equation 4.1 become precisely the recursive step
in Definition 4.3, while if 0 = 1, the recursive step of SSTK is derived.

Using Equation 4.1 it is possible to derive a dynamic programming
algorithm [31] which evaluates STK and SSTK according to Definition 4.1
and using either Agt and Aggr as A functions, as described in Algorithm
4.1. Aside from the two trees 17,75, the inputs include also the decay
factor p and the value of o to apply either STK and SSTK.

Both classical formulation of STK and SSTK ignore the contribution
of terminal nodes, thus the algorithm initially prunes all leaf nodes from
the input trees T and Tb. Subsequently (lines 2-3), two sequences Si, S3
are initialized with the remaining nodes of 77 and T, respectively, and
ordered by increasing depth. This is due to the fact that the complexity
of sub-problems in the recursive step is related to the depth of nodes.

For each pair of nodes in the two trees, the different values of A are
stored in a |T1| x |T2| matrix. For any pair of nodes (n1,n2), the contri-
bution A(ni,ng) will be stored in the corresponding cell of the matrix.
The nested for loops in lines 5-20 evaluates whether the formulas in Def-
initions 4.3 or 4.4, by considering the nodes in the order they are present
in the sequences S7 and So. The first base step is implemented in lines
9-10, while the second is in lines 11-12. In particular, the if condition in
line 11 checks if the nodes have the same labels and are parents of leaves
only. As the leaves have been pruned, the latter check can be performed
by controlling whether the length of any sequence of children is 0 (in the
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algorithm, this check is applied in the child sequence of the first node).

Algorithm 4.1 Evaluation of STK and SSTK with a dynamic program-
ming algorithm.

Input: Ty,Ty: two tree structures, p €]0,1]: decay factor, o € {0,1}:
switch between STK and SSTK

Output: K: the similarity score between 77 and T5

: Prune leaves from 17,75
S1 < nodes in T; ordered by ascending depth
S < nodes in T, ordered by ascending depth
: A < new [S7| x |S2| matrix
: fori=1,...|5| do
for j=1,...]5| do
ny < S1 [Z]
ng < S2 []]
if {(n1) # l(na) or |e(ny)| # |c(ng)| then
A[nl, 712] ~—0
else if I(n1) = l(n2) and |e(n1)| = 0 then
A[nl, TLQ] — A
else
Alny,ng] <+ A
for k=1,...|c(n1)| do
Alny, no] <= Alni, ng] - (0 + Ale(n)[k], c(n2)[k]]
end for
end if
end for
: end for
K+ 0
: for n; € 57 do
for ny € S, do
K<+ K+ A[nl,ng]
end for
: end for
: return K
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The recursive step is applied in the else branch in lines 13-16, when
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the nodes have equal labels and the same number of children. Initially,
the A value is set to p. Then, for each child in the sequences, this value
is multiplied with o plus the A of the children, previously stored in the
matrix. After all the A contributions have been evaluated, the overall
similarity K is evaluated by adding together all the values in the matrix
(lines 21-26), and eventually returned.

The space complexity of Algorithm 4.1 is O(|T1| - |T2|), as it needs to
keep a matrix of the same size to re-use A values. The time complexity is
dominated by the nested for loops in lines 5-19. The two external loops
iterate once for each pair of nodes in 77 and Ti, for a total of |T}] - |T5]
iterations. The else branch executes another loop on the sequence of
children of considered nodes, to evaluate the recursive step. The number
of iterations is equal to the length of the child sequence, and each iteration
is executed in O(1) time, retrieving the values stored in the A matrix.
If the maximum number of any child sequence in the two trees, i.e. the
maximum branching factor, is denoted with p, then the time complexity is
O(p - |Th| - |T2]).

In many practical contexts, there is no need to evaluate the entire A
matrix explicitly, mainly because all pairs of nodes with different labels
do not contribute to the overall similarity at all. Due to this observation,
a Fast Tree Kernel approach has been proposed in literature [95, 131].
This approach is based on a preliminary extraction of all pairs of node
which have the same labels, and then the main algorithm to evaluate the
similarity is evaluated only on these pairs, as the contribution of other pairs
is equal to 0. Although this implementation shows the same asymptotic
time complexity, it is more efficient on average. In fact, the number of
pairs of same-labelled nodes is often significantly less than the size of all
pairs of nodes in the two trees. Moreover, as the set of different possible
labels grows in size, finding two nodes with the same label is less likely.

4.1.5 The Partial-Tree Kernel

Partial-Tree Kernel (PTK) relaxes the constraint of the Subset-Tree
Kernel, allowing to consider also sub-sequences of children of a given node.
In this case, given a tree node n, a Partial-Tree fragment is a Sub-Tree
which includes the node n, any of its descendant nodes at any depth, and
any child can be included for each node. Some examples of partial trees
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Figure 4.4. An example of some Partial-Tree fragments for an ordered la-
belled tree.

are shown in Figure 4.4. From the original tree (on the left), several partial
trees can be extracted, picking nodes at any depth and with arbitrary sub-
sequences of children, even those containing gaps between nodes. However,
the relative position of nodes in the sequences should be preserved. This
means that, given two nodes n, m in the same sequence of children with
position %, j, which are included in a sequence of a Partial-Tree fragment
with indexes k, [, if ¢ < j then must be k < [. As the definition of Partial-
Tree allows to pick also the entire sequence of children, all Subset-Tree
fragments are Partial-Tree fragments as well.

The PTK uses contributions of all Partial-Tree fragments in the two
trees to evaluate their similarity. It is possible to derive a definition of the
Apr function employed in Definition 4.1 to formalize PTK, as follows [94]:

Definition 4.5 Letnq,no be two nodes belonging respectively to trees 11, T5.
The Apt function defining PTK is:

1. if l(n1) # l(n2), then Apr(ni,n2) =0;

2. if l(n1) = l(n2) and ny,ny are both leaves, then App(ni,ng) = 7;
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3. otherwise,

Apr(ni,n2) =

|1

pe [ AP Y AR TT Apr(e(n) 1], e(na) [Ja,))
J1,J2: i=1
|J1]=|J2]

where 7 € [0,1], u, A €]0, 1] are the terminal factor, the decay factor
and the gap-penalization factor, respectively. Ji = (Jiq,. .., le‘c(m”)
and Jo = (J2,1, ..., Jo |e(ny)|) aTE Squences of positions in children of
n1 and ng, respectively.

Differently from the STK and SSTK functions, the PTK can take into
account also the leaves of the trees. More in details, the weight of the
contribution of leaves can be set through an additional parameter, the
terminal factor T. This parameter is in the range [0,1] and determines
how much the overall similarity is conditioned by leaves with common
labels. If 7 = 0, common leaves are ignored, while when 7 = 1 their
contribution is fully included as in the STK+bow and SSTK+bow. Any
intermediate value allows to set different weights to leaf nodes and can be
tuned according to the specific application. Furthermore, conditions of the
Apt base steps do not involve the child sequences of the nodes. Indeed,
when considering Partial-Tree fragments, all the sub-sequences of children
should be compared. Even if the full sequences are not equal, some of the
sub-sequences could, and thus they contribute to the evaluation of Aprt.

The recursive step for Apt presented in Definition 4.5 deeply differs
from the previous Agr and Agst formulations. Although it presents the
same decay factor u to prevent the exponential growth of the output, it
also adds together all the contributions for sub-sequences. In the above
notation, a sub-sequence is represented with a sequence of indexes, each
of which refers to a specific position in the child nodes. As the Partial-
Trees fragments should match entirely to contribute to the similarity, the
sequence of indexes Ji, Jo which Apr evaluates are those with the same
length (this is expressed by the constraint |J;| = |J2| in the summation).
Note that Ji,Jo can be of any length in 1,...min{|c(n1)|, |¢(n2)|}. The
Apr function is therefore evaluated on all child nodes in the position ex-
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Figure 4.5. An example of gaps in Partial-Tree fragments. On the left,
the original trees. On the right, two matching sub-sequences, either with and
without gaps.

pressed by the respective indexes in J; and Js, and all the results multiplied
together. If any Apr of the considered children is 0, then the two Partial-
Trees are different, and do not contributes to the similarity.

Partial-Tree fragments include also sub-structures with gaps in the se-
quence of children. Although these fragments can possibly contribute to
the similarity, the matching child nodes can be very scattered in the sub-
sequences and, in some case, they should be penalized. As an example,
consider Figure 4.5. When evaluating the two ordered labelled trees, on the
left, PTK should consider the two sub-sequences of nodes labelled with "a"
depicted on the right. Matching nodes in the sub-sequences are denoted
in bold. In the topmost matching sequences, with indexes J; = (1,2) and
Jo = (1,3), the "b" node, belonging to T} and in first position, is matched
with its homologous in the second tree; the subsequent "c¢" node in 77 is
however matched with node "¢" in third position, introducing a gap in
the matched sub-sequences. On the other hand, the bottom sub-sequences
involve the sub-sequences with indexes J; = (1,2) and Jo = (2, 3). In this
case, the "b" node in first position is matched with the same node in second
position, and the subsequent "¢" node is matched with the other "¢" node
in third position. In this latter case, no gap is present in the sequences,
and the involved sub-structures could have a more similar topology.

Specific applications can treat gaps in Partial-Tree fragments differ-
ently. To allow a higher rate of flexibility, PTK provides a gap penal-
ization factor A weighting the impact of gaps in sub-sequences. This pa-
rameter is tunable according to the particular application needs. If A =1,
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there is no penalization for gaps, and all sub-sequences are treated equally.
Conversely, the more A approaches 0, the less is the contribution of sub-
sequences possessing gaps with respect to the original sequences. To effec-
tively evaluate the penalization factor for the sub-sequences, A is raised to
the power of the number of gaps therein. To measure the number of gaps,
Apr uses a function d(J), which maps an index sequence J to the number
of gaps. The d function can be easily evaluated as d(J) = Jig) — 1, Le,
the difference between the last and the first index in the sub-sequence of
indexes.

A naive algorithm based on the Apr in Definition 4.5 leads requires
exponential time. However, it is possible to apply dynamic programming
to evaluate similarity in polynomial time [94]. To do so, let A, be a
function evaluating the contribution of common sub-sequences of children
composed by exactly p nodes. Using A, it is possible to rewrite Apr in
Definition 4.5 as:

min{|e(n1)l,le(n2)]}
Apr(ni,ng) = - S Aple(m). c(n2)) (4.2)
p=1

This alternative and equivalent formulation sums the contribution of all
Partial-Tree fragments according to the length of their sub-sequences. All
sub-sequences are included in the evaluation of Equation 4.2, from length
1 to the maximum possible length, which is precisely the size of the shorter
sequence of children between nq and ns.

To derive an explicit formulation of A,, it is possible to rewrite the
sequence of children of a tree node n as ¢(n) = s-m, where m is the
last child, and it is concatenated with the sequence of remaining children
s. Thus, given two nodes ny and no, their sequence of children can be
rewritten as ¢(n1) = s1 - a and ¢(ng) = sg - b, where a, b are the last nodes
and s1, so the remainder sequences. Denoting with s[i : j] the sub-sequence
of s starting from the ¢-th node up to the j-th node, the value of A, can
be recursively evaluated as follows:

[s1] [s2]

Ap(s1-a,s3-b) = Apr(a,b) - Yy Y ASTH2IT LA (51[1 1], 55[1 2 5])
e (4.3)
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The above formulation of A, is recursively computed through the contri-
bution of shorter sequences A,_1, as if the last nodes a and b have the same
labels (thus, Apt(a,b) # 0), they contribute once to each sub-sequence of
length p — 1 that can be created from s; and so. The algebraic manipu-
lation of Equation 4.3 allows to derive a more useful recursive expression.
Let D, be the double summation in Equation 4.3, it follows that:

Dy(k,1) = Ap_1(s1[1 : k], s2[1 : {])+A-Dy(k, 1—1)+\-Dy(k—1,1)+A2-D, (k—1,1—1)

(4.4)
This formulation of D), can be derived by extracting the longest sequences
from the double summation. The first additive term in Equation 4.4 refers
to the actual value of A,_; on the longest sequences. The second and third
terms include the summation of all contributions when one of the sequence
is reduced by one element, and they are both multiplied by A as an effect
of reducing the sequence length. Similarly, the last term refers to the
summation of all contributions when the last elements of both sequences
are not considered, and it is multiplied by A\? due to the reduction in both
lengths.

Using the D), function, A, in Equation 4.3 can be expressed as:

0 if (a) # 1(b)

] (4.5)
Apt(a,b) - Dp(|s1], |s2|) otherwise

Ap(s1-a,s2-b) = {

Combining Equation 4.5 and Equation 4.2 together, it is possible to derive
a dynamic programming algorithm to evaluate Apt. Given two nodes ng
and ng, Apr can be evaluated by using a p x |¢(n1)| X |c¢(n2)| matrix, to
temporarily store the solutions to every sub-problem, for each sequence
length and each sub-sequence of children. This results in a time complex-
ity of O(p - |e(n1)] - |e(n2)]), needed to fill the matrix. Furthermore, the
evaluation of Apr should be evaluated for all pairs of nodes of the trees
T1,T5 in evaluation, as according to Definition 4.1 the contributions should
be added together. Denoting with p the maximum branching factor be-
tween T1,T%, the total complexity of the algorithm is O(p® - |Ty| - |T3|).
This means that the similarity of wider trees is more expensive to evaluate
through PTK.
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4.2 Tree Kernels for Source Code

This section describes how TK functions can be applied to evaluate
the extent of changes in the source code, through its AST representation.
Initially, the section presents a description of ASTs, highlighting their
flexibility in comparison with the more rigid parse trees. Subsequently,
the section explains how it is possible to employ the similarity measure of
TKs to quantify differences in the source code, and presents a qualitative
discussion on which function could be more suitable to assess the changes
in ASTs.

4.2.1 Abstract Syntax Tree Representation of Source Code

Developers see the source code as a sequence of characters, writing and
modifying it according to rules specified by the particular programming
language they use. This textual representation is easily understandable by
humans, but has the flaw of being hard to automatically analyze: the ex-
traction of structural relations between the different units of the code, such
as statements in blocks, or expressions in statements, cannot be straight-
forwardly processed using this representation. Complex structural rela-
tions between fragments of source code are typical of all modern high-level
programming languages, and these relation can be defined by tree-based
models. Tree-based models naturally arise from source code and are em-
ployed in several tasks where a refined analysis of the source is needed [99,
14].

The basic tree-based representation of source code is through Parse
Trees. Parse Trees are a direct transformation of a programming language
grammar rules to an ordered labelled tree-based model, including language-
specific symbols such as semicolons, brackets, or keywords [2]. Each pro-
duction rule in the grammar is transformed in a node, and labelled with
the role of the applied rule. The relations between nodes are made explicit
by parent-child relations between nodes, according to the production rules
involved in the construct. The application of nested rules is expressed as
child sequences, and the position of a child in the sequence relates to the
position in which the rule is applied in the source code. However, this
kind of modelling source code is a mere tree-structured representation of
grammar rules, and the produced trees are highly correlated to the spe-
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Source Code Parse Tree Abstract Syntax Tree
blk
public int max(int a, int b) { — — Body
if(a > b)
return a; stmt stmt — T
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Figure 4.6. Comparison between a Parse Tree and an AST representation
for a simple Java method returning the maximum between two integers.

cific language. For this reason, the specific structure of parse trees can be
significantly different between different programming languages. Further-
more, Parse Trees present a high-level of redundancy among their nodes.
In fact, the keywords of the language are included in the model, usually
as terminal nodes. This causes Parse Trees to grow both in depth and in
width, although these nodes do not add any further information to the
structure.

On the other hand, ASTs are an ordered labelled tree-based represen-
tation of source code, not as tightly coupled to language grammar rules as
Parse Trees are. Indeed, their structure is more flexible, allowing both the
pruning of redundant nodes and the re-arrangement of the tree topology,
to highlight specific aspects for the problem at hand. Moreover, the set
of labels is not fixed a-priori, allowing to use more meaningful labels to
mark the contained nodes. Labels can in fact be freely chosen according to
specific tasks, even if they are typically related to the various constructs of
the programming language. Leaves model the tokens in the source code,
such as the name of a variable or a literal value. Differently from Parse
Trees, ASTs seldom include language keywords in their structure, as this
information can be usually derived by the semantic role of inner nodes.

Figure 4.6 shows a comparison between the Parse Tree and the AST
representation of a simple Java method. The Parse Tree (in the middle)
clearly represents the structure of the construct of the source code through
parent-child relations, and the order of child nodes mimics the appearance
of constructs in the code. However, it presents also nodes for keywords
(terminal node labelled with if) and symbols as (, ) and ;. These lat-
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ter nodes, however, have no effect on the semantics of the sub-tree, and
can be highlighted from the surrounding structure. Furthermore, different
programming languages can use different symbols to separate statements
and to specify constructs, and the Parse Tree of an equivalent method can
significantly differ. For example, as Python does not use any symbol to
end a statement? or does not need brackets in branch and loop constructs,
a method implementing the same functionality would not have any ;, (
or ) characters, and then its Parse Tree would significantly differ. Fur-
thermore, labels of inner nodes provide little information of the semantic
role of constructs. For example, the leftmost stmt node is not immedi-
ately recognizable as the node representing the branch construct if in the
source code. To deduce its role, it is necessary to navigate its sub-tree to
find the if terminal node. The same happens for the expr node in the
statement, which semantically represents the branching condition, and the
particular semantic of the condition, in which the operator < is modelled as
a terminal node in the expression. Due to these phenomena, it is typically
not straightforward to understand the semantics of all nodes.

The AST for the same method in Figure 4.6 (on the right) is instead
more concise and informative. As it can be seen, the Body node modelling
the body block of the method has two children, the first one representing
the If block, and the second one modelling the Return statement. The
If block, in turn, has two children, a Condition node holding the check
performed by the if statement, and a then sub-tree which includes the
Return statement in the branch. The Condition sub-tree includes the
greater expression, represented as a node labelled with GreaterThan, and
the values on which it is performed (the two Arguments. Variable names
are leaf nodes, carrying the information of specific tokens included in the
expressions. As in Parse Trees, the position of children in sequences mimic
the order in which statements or expressions appear in the source code
also in ASTs. In the example, as the if statement occurs before the last
return statement, the If sub-tree is placed before the upmost Return sub-
tree; furthermore, the left operand of the greater condition, represented by
the leftmost Argument node related to the variable a, is placed before
the node modelling Argument b. This positional ordering allows to keep

2More precisely, an end-of-line character is used to end a statement in almost all
circumstances.




76

CHAPTER 4. TREE KERNEL PRIORITIZATION TECHNIQUES

information on the order of statements and operands in the original code.
Conversely from Parse Trees, specific symbols used in the language have
been pruned, to keep the representation more concise. Furthermore, the
semantic role of nodes in the AST can be directly identified just analyzing
labels, without the need of navigating the sub-trees as it happens in Parse
Trees.

Generally speaking, AST models provide a more concise representation
of source code structure, both increasing the meaningfulness of the repre-
sentation and pruning nodes related to language-specific symbols and key-
words. Since AST representations are not defined by the mere application
of grammar rules, it is possible to employ different AST representations of
source code, which are specifically tailored towards particular tasks. This
flexibility guarantees a higher level of transparency with respect to pro-
gramming languages with respect to Parse Trees, and thus ASTs can be
designed to be language-agnostic and more generally applicable as under-
lying models for many applications. For these reasons, in order to evaluate
the structural similarity between source code, the AST representation of
source code has been chosen as the underlying model on which the simi-
larity, using TKs, is evaluated.

4.2.2 Measuring Changes in Source Code with Tree Ker-
nels

The meaningful representation of source code through ASTs can be
readily evaluated by TK functions, as the representation is based on or-
dered labelled trees. A straightforward application of TK on two ASTs
can produce a measure of similarity between two source code elements,
under the type of the particular Tree Kernel and normalization employed.
Granularity of code elements can be chosen according to specific needs,
ranging from AST modelling an entire module composed by a collection
of source files, to finer-grained AST representing single statements. Usu-
ally, a good trade-off between these two levels is represented by file and
function granularity levels (respectively, class and method granularity in
object oriented programming languages).

The evaluation of similarity can be useful in many tasks of code-
analysis. However, churn-based RTP techniques need a measure of the
extent of code changes, rather than similarity. To this purpose, it is pos-
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sible to use TK functions to derive how different two tree structures are,
i.e., their dissimilarity. The formulation of TKs cannot be directly used to
measure dissimilarity, as they generally provide a similarity value in the
range [0, +oo[ and thus a quantification of the differences between trees is
not straightforward. However, a normalized kernel function produces sim-
ilarity values in [0, 1] due the normalization factor, and thus a reasonable
extent of the dissimilarity can be obtained by simply complementing this
similarity. More formally:

Definition 4.6 Given two ordered labelled trees T1,To and a TK function
K, their dissimilarity can be expressed as

Kiiss(T1, To) = 1 — K'(T1, T»)
where K' represents the normalized kernel function in Definition 4.2.

This measure allows to quantify the percentage of changes between the two
tree structures. If the two trees are equal, Kqiss(T1,Th) = 0 as K'(T1,T5) =
1; conversely, the more Kgiss approaches to 1, the more the percentage of
normalized kernel similarity gets close to 0.

Another manner to quantify the amount of changes in source code,
represented by ASTs, is to define a distance measure between the tree
structures. A distance measure can be derived using TK functions, i.e.,
the Tree Kernel Distance:

Definition 4.7 Given two ordered labelled trees Ty, Ty and a TK function
K, the Tree Kernel Distance dk between 17 and Ty is

dK(Tl,TQ) = K(Tl,Tl) + K(TQ,TQ) -2 K(Tl, TQ)

The formulation of Tree Kernel Distance dx derives from the more
general definition of Kernel Distance [119], which can be applied to any
kind of kernel function. The distance is evaluated by summing the auto-
similarity of the trees with themselves, and then subtracting the similarity
evaluated by the kernel between the trees. The function dk is actually
a distance in the high-dimensional space implicitly defined by a kernel
function. In fact, for all trees T, the distance of T with itself is 0, i.e.,
dx(T,T) = 0, as it clearly follows from Definition 4.7. It is always positive,
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as for all trees 17,75, the maximum possible similarity is given by the
kernel on each tree with itself, thus in any case K(T1,71) > K(T1,T5)
and K(T»,T») > K(T1,T3). By summing these inequalities together and
rearranging, it follows that dk (71, 7%) > 0. Furthermore, it is symmetric,
as dg (T1,T2) = dg (T3, T1), due the symmetry of kernel K. di satisfies also
the triangle inequality, i.e., for all triples of trees T4, T, T3, dg(T1,T>) <
dK(Tl, Tg) + dK<T2, Tg).

Among the different types of TK functions defined in literature, the
PTK has been successfully applied in several code related tasks, due to
the fact that it is able to consider Partial Tree fragments. The main
motivation is that PTK is more sensitive to common operations which are
performed to the source code during evolutionary steps. In fact, typical
changes in the code involve the addition or the removal of expressions,
statements, or blocks, and those operations are reflected in the addition
or removal of nodes in the AST representation. The ability of PTK to
take into account also Partial-Trees allows it to produce a similarity value
which is more sensitive to these kinds of operations than STK and SSTK.
Furthermore, there are software evolutionary practices in which a high
number of changes reflects small extents of semantical modification, such
as refactoring (e.g., when the changes are limited to the simple renaming
of a variable).

As an example, consider the modification of the foo method in Figure
4.7. The foo_refactored method shows a renaming of the local variable
X to n. A nalve textual approach would mark every line as changed, as
all lines in the refactored version are different with respect to the original
method. As it can be seen by the AST representation, renaming only
affects labels of leaf nodes related to the former x variable, while the tree
structure remains untouched. An application of STK to the original and
refactored method, however, assesses a rather low normalized similarity
score of 38%. This is due to the fact that almost every sub-tree fragment
is changed between the two methods, therefore the result of summation in
Definition (4.1) is small. On the contrary, PTK produces a similarity score
of 93% due to the higher number of partial-tree fragments which match
between the original and the refactored method.

When the foo method is changed by substituting its last line and se-
mantically performing different operations, a textual difference will mark
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Body
public void foo() { / | \
int x = 0; . . .
X — x + 1; Declaration Assignment Assignment
X =X * x; / \ / \ / \
} X 0 X Plus X Times
I\ / N\
x 1 X X
public void foo refactored() { public void foo changed() {
int n = 0; int x = 0;
n=n+1; X =X + 1;
n=n * n; Xt
} }
Body Body
—_— | T P
Declaration Assignment Assignment Declaration Assignment ++Suffix
/ 0\ / N\ / \ / N\ / N\ I
n 0 n Plus n Times x 0 x Plus X
I\ / 0\ /A
n i n n .4 i}

Figure 4.7. Different changes in AST representations according to changes in
the source code. The original foo method (left) is refactored by renaming its
variable (center) and with both the removal of a statement and the addition
of a new one (right). Changed nodes are highlighted.

just this line as changed. The changes in the method’s AST are however
more pronounced, as a whole sub-tree prominently differs, while the others
remain unmodified. In this case, the STK returns a normalized similarity
score of 91%, as just one sub-tree fragment does not contribute to the total.
Instead, PTK outputs a score of 73% due to the higher number of mis-
matching fragments, thus the evaluated similarity results lower. As shown
by the example, considering partial trees can produce a more refined score
both with respect to a naive textual similarity, and to TKs considering
different kinds of fragments.

Concerning the tuning of PTK hyper-parameters, as described in Defi-
nition 4.5, an empirical investigation on their impact on different real-world
code changes has been carried out, using a grid search. None of the tried
values provided the best results on all considered changes, but on average
a decay factor p = 0.4, a gap penalization factor A = 0.7 and a termi-
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nal factor 7 = 0.5 generally resulted in a more accurate evaluation of the
structural similarity.

4.3 Prioritizing Test Cases with Tree-Kernels

During the evolution of software due to maintenance activities involved
in its life cycle, developers update the source code of different modules and
packages, in order to correct unintended behaviors, add new functionalities
or optimize previously implemented requirements. These activities typi-
cally lead to performing changes in the source code implementing already
validated modules, and the very structure of source code could be deeply
modified. These changes in the source code structure can easily be prone
to mistakes, therefore invalidating some of the software requirements. For
these reasons, a fine-grained analysis of the code churn could be employed
in order to reduce the efforts of regression testing, and to drive the process
of re-validation on code sections which have been subjected to a greater
extent of changes.

This section presents MTK, a novel RTP approach which employs the
PTK to exploit and quantify the structural differences between two ver-
sions of a software, ranking test cases based on the extent of modified
functions/methods they cover, with the goal of producing a permutation.
Moreover, the section defines an additional approach, namely MTK-QS,
designed to enhance the rate of coverage of changed methods, to acceler-
ate the exercising of modified parts in the code. MTK-QS embed a more
general Quotient-Set Prioritization (QS) approach, which can be generally
applied as a complementary step to any prioritization strategy which rank
test cases by the means of some evaluated priority scores. Both MTK and
MTK-QS have been proposed in [8]. Without loss of generality, the de-
scription of the techniques is based on the fact that the software to which
they are applied follows the object oriented paradigm, but can be easily
extended also to languages using different paradigms.

4.3.1 Tree-Kernel Based Prioritization

The novel MTK strategy leverages code churn information along with
past coverage reports to prioritize test cases in a test suite. This strategy
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Figure 4.8. Execution steps for the MTK prioritization approach.

employs PTK to quantify the extent of changes between two versions of
a software project, taking into account not only their number, but also
their impact on the syntactic structure of the program. Specifically, MTK
employs an evaluation of changes using the dissimilarity measure Kgiss, in
Definition 4.6, with K the PTK function.

An overview of all steps to evaluate the MTK strategy is presented in
Figure 4.8. As any RTP approach, its application context is during the
evolution of the software from a previous version V; to a current version
V;. MTK receives in input the source code of both software versions V; and
V;, along with the test coverage reports of the previous version. Coverage
reports should be at least at method-level or finer granularity. An AST
Generator sub-module is responsible to extract the ASTs of all methods in
the two versions, which will be then fed to the PTK to evaluate the extent
of their changes. A Test Case Scorer module joins the coverage reports
with code-churn information, in order to assign a priority score to all test
cases. Eventually, the test cases are re-arranged in descending order of
scores, and the prioritized test suite returned.

To extract the ASTs from source code, initially the Parse Trees of
code units are produced through a grammar parser based on the rules of
employed programming language. Once Parse Trees have been obtained,
the generator module models them in a higher level of abstraction, to
produce the ASTs used by the subsequent component. As the granularity
is considered at method-level, each constructed AST refers to one specific
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method in the source code of a software version. However, to compare the
evolution of a particular method from the previous to the current version,
is necessary to link the AST of methods in the previous versions to those in
the current version. To this end, a method matching .# should be defined
between the two versions. Given a previous software versions V; and a
current software version Vj, a method matching .# between the versions
is the set of pairs (my, m.) of methods whose source code has been changed
between V; and V;. m,, represents the method in the previous version V;,
while m.. is the method in the current version V; under test.

The construction of the method matching .# relies on qualified names
of methods to identify the pairs. More specifically, m, € V; and m. € V;
are matched if they have the same signature and are declared in packages
and classes sharing the same name. If no method satisfies this constraint,
that method remains unmatched. As the qualified name of the method
is generally unique across all the source code, every method is matched
at most once. Note that, using this approach, methods that have been
renamed between versions V; and V; are not matched. This choice has a
two-fold rationale. On one hand, if the method has been simply renamed
between the two versions, with no changes to its source code, the dissimi-
larity obtained with the TK would be 0, so the method will not contribute
to the score of any test cases covering it. On the other hand, in cases where
there are also changes to the source code, it is not straightforward to dis-
criminate between a freshly-added method and a method that was both
renamed and significantly modified. Doing so would require setting some
similarity threshold to determine whether a method is an evolved version
of a previously existing method, or a new method entirely. Defining such a
heuristic approach for matching looked arbitrary and not straightforward,
thus no approach has been involved to this purpose.

The pseudo-code for the evaluation of the method matching .# is pre-
sented in Algorithm 4.2. The algorithm creates a map with all methods in
the previous version V; (lines 1-4). The key of the map is the qualified signa-
ture of methods, i.e., a string obtained by concatenating the full classpath
of the method, including the package, classes, method name and the type
of all of its arguments. The name of the formal arguments of a method is
not included, as two functions or methods with the same argument types
and positions are indiscernible from each other in several programming
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Algorithm 4.2 Construction of the matching between methods of two
software versions.
Input: V;: previous version sources; V;: current version sources
Output: A : the method matching, containing the pairs for methods whose
qualified names match between the two versions.
1: methods, = ||
for each m, € V; do
methods,|m,.qualifiedSignature|= m,,
end for
M=
for each m. € V; do
if methods,.hasKey(m..qualifiedSignature) then
my, = methodspy|m..qualifiedSignature|
M= MU (mp,me)
end if
: end for
: return ./

— = =

languages (such as Java, C and C++). Then, for each method m, in the
current version Vj, the algorithm checks if the qualified signature of m, is
present in the map of the previous method. If the check is successful, the
previous method m,, is retrieved from the map and the pair (my,, m.) is
added to the matching .#, on lines 7-9. Eventually, the method matching
M is returned in line 12.

MTK then evaluates the churn information for all paired methods. In
particular, for a pair of matched method (m,m') € .#, the amount of
changes between them is evaluated trough the PTK, applying the kernel
dissimilarity presented in Definition 4.6. In particular, if s(m,m’) is the
similarity score of m and m’ ASTs evaluated by the normalized PTK,
the dissimilarity score is 1 — s(m,m’). Note that in case of absence of
changes in the body of a method, the dissimilarity is 0 due to the fact that
the respective ASTs are equal. Thus, if there are no modifications in a
method between the two versions, the evaluation of PTK is redundant as it
is possible to verify this condition through its textual representation: if the
source code of the method has not been modified (excluding comments),
then a dissimilarity score of 0 can be directly assessed to the method. This
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observation can speed up the evaluation of MTK: if a preliminary equality
check of the respective source code returns true, then their dissimilarity
is directly set to 0; otherwise, the normalized PTK is applied normally.
As a textual comparison is generally computationally cheaper than the
application of PTK, this heuristic can significantly speed up its evaluation
with software which have a high number of methods, but which underwent
to a small number of changes between previous and current versions.

To join test cases and the churn information obtained via PTK dissim-
ilarity, MTK leverages test coverage reports of the previous version V;. For
prioritization purposes, MTK considers MTK only those test cases which
are present in both versions of the software. In fact, test cases which have
been removed in the current version cannot be executed anymore, thus are
excluded from prioritization. On the other hand, test cases which have
been added in the current version lack of coverage information, as their
execution has not been performed yet. Usually, new test cases have been
introduced to test freshly added functionalities in the current software ver-
sion, or to enforce the validation of previous software components which
were not adequately tested. Several policies can be applied in RTP scenar-
ios when new test cases are present (e.g., execute the new test cases before
preexisting ones), but usually these cases are not considered in regression
testing studies, as their number and their execution cost are typically neg-
ligible with respect to those already present in the entire suite.

The priority score assessed to a test case by MTK is the sum of all the
amounts of changes of methods covered by that test. More formally, the
score function for a test case can be defined as follows:

Definition 4.8 Let T be a test cases, and score(T') be the set of all meth-
ods covered by T in the previous version, and let .4 be the matching of
methods between previous and current versions. The score of test T is:

score(T') = Z (1= K(mp,me))

mp€Cou(T)
Ime: (mp,me)EM

where K denotes the normalized PTK function.

The summation in Definition 4.8 applies to all methods in the previous
version which are covered by test case T' and which have been paired with
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Algorithm 4.3 Algorithm to evaluate MTK Prioritization.

Input: TS: test suite for current version, V;: previous version sources, V:
current version sources, score;: method-level coverage information for each
test case in version V;

Output: TS’: reordered test suite

1: M < createMethodMatching(V;, Vj)

2. for each (my, m.) € A4 do

3t if my.text # me.text then

4: K[my, m.] - normalizedPTK(my,.ast, m..ast)
5. else

6: K[my, mc] 1

7. end if

8: end for

9: for each T'€ TS do

10:  T'.score =0

11:  for each m, € score(T") do

12: if Im. : (mp, m.) € A then

13: T.score = T.score +(1 — K[m,, m¢|)
14: end if

15:  end for

16: end for

17: TS’ < sortByScoreDescending( T'S)

18: return TS’

a method in the current method in the matching .#. After the score
function has been evaluated for all test cases, the test suite is eventually
sorted by these scores in descending order.

The pseudo-code for MTK is presented in Algorithm 4.3. The first line
of the algorithm calls the auxiliary function createMethodMatching, which
executes the steps in Algorithm 4.2 to create the set of matching methods
A . Lines 2-8 evaluate the similarity between the pairs of methods in .Z,
and save these values in the K dictionary, whose keys are the pairs of meth-
ods. Initially, the algorithm checks whether the textual representations of
the method bodies are different (line 3). If so, similarity between the
methods ASTs is evaluated using the auxiliary function normalizedPTK.
This function evaluates the similarity through PTK, implemented using
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the formulation in Definition 4.1 with Equations 4.2 and 4.5, and then
normalizes the resulting value according to Definition 4.2. If the text of
the two methods is equal, the similarity is directly set to 1. Lines 9-16
evaluate the score for each test case in the suite. For a test case, the
algorithm considers all the methods covered by the test in the previous
version, checking if a method is paired in the current version through the
matching .#. If such a pair exists, the dissimilarity score of the pair is
added to the test score. The test suite is then sorted by the evaluated
scores in descending order and returned (lines 17-18).

4.3.2 Quotient-Set Prioritization

As it can be noted from Definition (4.8), the score function assigns
identical values to test cases covering the same set of changed methods.
Conversely, test cases with the same scores can cover different changed
methods, given that the structural changes in the covered methods are
equal. However, this scenario is unlikely in practice, and implies that
two test cases cover different methods subjected to very identical changes.
Therefore, test cases with the same score have high possibilities to cover
the exact set of changed methods.

The MTK method defined in Section 4.3.1 orders the test suite accord-
ing to score function values. This means that all the test cases having
the same score are scheduled one after another in the produced permuta-
tion. This can lead to the execution of several test cases which repeatedly
stress the very same sections of changed code, degrading the rate of fault-
detection. In fact, faults introduced in different changed methods will be
stressed by other test cases, which have unfortunately been postponed in
the ordering due to a lower assigned score. The main reason behind this
behaviour is that the score function is local to a single test case, not con-
sidering which parts of the code might have been already exercised by test
cases earlier scheduled. In the worst-case scenario, this behaviour leads to
many undetected faults when the test suite execution is interrupted due
to expiration of resources allocated for the testing phase.

For this reason, an evolution of the MTK approach has been designed,
to better diversify the coverage of changes for the test cases. This tech-
nique leverages the score values evaluated by MTK, heuristically motivated
by the fact that same test scores are likely obtained by the same sets of
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covered changed methods. Initially, the test suite is partitioned in equiva-
lence classes of test cases with equal scores assessed by MTK. Then, the
equivalence classes are sorted in descending order of scores, so that the sets
of test cases which cover the highest number of structural changes are pre-
ferred. Finally, the prioritized test suite is organized by suitably picking a
test case from each equivalence class following a round-robin policy. This
process continues until all test cases have been re-arranged in a new per-
mutation. The approach, namely MTK-QS, takes advantage of structural
similarity to guess the relative coverage on changed methods of two test
cases indirectly, without explicitly comparing the coverage set of the tests,
which can be heavily time-consuming for large test suites. More formally:

Definition 4.9 Given a test suite TS, and any pair of test cases T1,T> €
TS, the relation = defined on TS is:

T) =Ty <= score(T) = score(Ts)

where score is the function in Definition 4.8.

The relation = is an equivalence relation on TS. In fact, the following
properties hold:

o reflexive: for all T € TS, score(T) = score(T), thus T =T.

o symmetric: for all Th,Ty € TS, if Ty = Tb, then score(T}) =
score(T3), hence Th = 1.

e transitive: for all T1,T5,13 € TS, if Ty = 15 and T = T3, then
score(T1) = score(Ty) = score(T3), so T = Ts.

As the defined relation = is an equivalence, it is therefore possible
to partition the test suite TS in the quotient-set TS ,=. Given a test
T € TS =, the equivalence class [T]= € TS = is the set of test cases with
the same score values.

Exploiting the quotient set T'S, the approach consists in re-ordering the
test suite by picking test cases from these equivalence classes in a round-
robin fashion, starting from those having a higher score. The intuition is
that this kind of re-ordering can produce permutations with a faster and
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larger coverage rate of methods which have been modified between the two
software versions.

More in detail, the equivalence classes in T'S /= are initially sorted in de-
scending order of scores. Then, a test case from the first and highest-scored
equivalence class is picked and put in the first position in the prioritized
test suite. The test is removed from its equivalence class when it is moved
in the permutation. MTK-QS, in turn, selects a single test case from each
subsequent equivalence class, appending it in the first empty position. Af-
ter picking a test from the last equivalence class, the selection process is
restarted from the first class. This round-robin selection process until all
test cases have been picked and the final permutation has been completed.

Among the various different equivalence classes, the one containing
test cases with a score equal to 0 should be treated differently. In fact, all
test in this zero class do not cover any changed method, as the sums of
dissimilarities according to score in Definition 4.8 is 0. As the rationale of
MTK-QS is to give higher priority to test cases covering greater extents of
changed code, the execution of tests in the zero class should be delayed.
To do so, the MTK-QS approach exclude this class from the round-robin
phase, and append its test cases in the last positions of the permutation
after all other equivalence classes are emptied.

When selecting a test case from an equivalence class, several criteria can
be chosen, for instance, by picking randomly a test in the class. MTK-QS
employs a total coverage criterion to select the test case to pick inside a
class. This criterion chooses the test case in the equivalence class covering
the highest number of methods, both changed and unchanged. This crite-
rion is more likely to increase also the rate of coverage of all methods in
the re-ordered test suite.

An example of the execution of the MTK-QS is presented in Figure 4.9.
All test cases of the suite have been already scored as in the MTK approach,
and the background of test cases represents its score: the darker the back-
ground, the higher its score. A quotient set is there extracted according
to relation =, defining three equivalence classes. From the highest-valued
class, the first test T3 is removed from the class and placed in the first place
of the permutation. Subsequently, the first test T3 in the second equiva-
lence class is selected, and moved to the second position. The next class
is the zero class, which is ignored, and the following test will be picked
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Quotient Set

Scored
Test Suite

Final Final Final Final
Permutation Permutation Permutation Permutation

Equivalence
class

Zero Class

Figure 4.9. An example of the MTK-QS approach to rearrange test cases.
The darker the background of a test case, the higher its score. White back-
ground means a score equal to 0.

again in the highest-value class again. In this case, Tg will be inserted.
After all test cases have been placed from all other equivalence classes, the
test cases in the zero class are directly added to the last positions of the
permutation.

The pseudo-code of MTK-QS is shown in Algorithm 4.4. It receives as
input directly the quotient set of test cases. This can be readily obtained
through the application of MTK, partitioning its produced permutations
in the different equivalence classes. In the first place, the zero-valued
equivalence class [z]= is removed from the quotient set T'S,=, as it will
be appended after all other test cases have been inserted in the prioritized
suite. Lines 2-3 implement the total coverage selection criterion, by sorting
each equivalence class in descending order of method coverage. This makes
test cases with higher method coverage being preferred among the others
belonging to the same class. The loop in lines 6-13 is the core of this
prioritization approach, and runs until all test cases in non-zero classes
have been placed, i.e., the quotient set did not become empty. Lines 7-10
implement the loop which extracts a single test from each class, appending
it to the prioritized suite and removing it from the equivalence class (line
8). The if block at lines 9-10 manages to remove empty equivalence
classes from the quotient set, in order to eventually meet the while loop
termination condition. After the loop is over, the zero class is appended as
it is to the last positions of the permutation (line 14), which is eventually
returned.

Algorithm 4.4 has been defined without explicitly calculating the score
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Algorithm 4.4 Quotient-Set Prioritization.

Input: T'S,=: quotient set containing equivalence classes of test cases with
the same scores

Output: TS’: prioritized test suite

1: sortEquivalenceClassesDescendingly (7S /=)
2: [z]= ¢ getAndRemoveZeroClass( TS /=)

3: for each [T]= € TS = do

4:  sortTestCasesDescendingByTotalCoverage([1]=)
5: end for

6: TS « H

7: while TS/E %+ ¢ do

8: for each [T]= € TS,= do

9: TS’ .append([T]=.pop())

10: if [T]= = 0 then

11: TS =.remove([T]=)

12: end if

13:  end for

14: end while

15: TS’ .appendAll([z]=)

. return TS’

—
(=)

function, but it receives as input a test suite whose tests have been al-
ready scored. This separation underlines that any function which assigns
a score to test cases can be inserted in place of score for relation =. As
the properties of = are not related to the particular shape of the score
function, it is still an equivalence relation regardless of the specific func-
tion used to evaluate scores. It is thus possible to create different kinds
of quotient sets according to different score criteria, as long that is possi-
ble to express these criteria through a function of test cases. This more
general approach, namely QS, can be employed with every prioritization
technique which ranks the test cases by assigning them a score. When the
specifically applied to scores evaluated through MTK, the approach will be
appointed as MTK-QS. In this case, QS has the effect of re-arranging test
cases in order to provide a better rate of coverage of changed parts, based
on the assumption that equal MTK scores indicate same sets of covered
methods. However, in general different scores might produce permutations
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with different properties and, possibly, vary the effectiveness of the under-
lying RTP technique.

4.4 Experimental Design and Empirical Setting

This section describes design and methodology used to set up the em-
pirical evaluation of the MTK and MTK-QS effectiveness, and to compare
it with different baseline techniques. The employed experimental setting is
an extension of the study carried out for Genetic-Diff, presented in Section
3.3, involving projects written in Java and using code mutation to inject
faults in subject projects, to obtain a broader set of software evolution-like
scenarios. The entire dataset, along with the implementation of all tech-
niques, is available in the replication package of the study [10].

Initially, this section describes the collection of subject projects and
the process of fault injection. The second part of the section presents the
RTP techniques which are used as baselines for the evaluation, and details
of the implementation of all techniques. Eventually, the empirical setting
used to evaluate the techniques is described, along with metrics used to
evaluate performances and hypotheses of significance tests performed.

4.4.1 The Collected Projects

To evaluate the performance of the proposed techniques, a dataset
of software projects, with different versions for each project, has been
collected. The projects and the versions were needed to experiment the
MTK and MTK-QS techniques in order to contextualize their execution
in a software evolutionary scenario, according to the inputs to the pipeline
described in Figure 4.8. As done in the experimentation of Genetic-Diff
presented in Section 3.3, the project collection started from two well-known
datasets of Java projects already employed in different RTP studies [82,
83]. However, the dataset collected for the Genetic-Diff experimentation
has been extended, considering 5 different projects and a higher number of
versions for each project. Furthermore, instead of relying on the original
defined fault injection points as done in Genetic-Diff evaluation, a better
procedure of fault injection has been carried out in order to cope with the
coarser level of changes leveraged by MTK and MTK-QS. The extension
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Project Versions LoC Methods Tests Common Changes Description

AssertJ 6 62k 7985 5134 4994 62 Testing framework

JOpt 4 7k 860 639 532 14 Command-Line Interface parsing library
Joda-Time 4 160k 9412 4183 4045 28 Date and time processing library

La4J 6 9k 992 383 328 38 A linear algebra framework

Scribe 5 3k 344 74 61 12 A library for O-Auth2 protocol

Table 4.1. Overview of subject projects used in the empirical evaluation of
MTK and MTK-QS. Common indicates the average number of tests common
to pairs of versions used in this study, while changes is the number of methods
which have been changed from the previous version. Reported values represent
the average across the considered versions.

in the empirical evaluation setting allows to analyze and discuss the per-
formance of the proposed techniques on a wider and more heterogeneous
set of benchmark scenarios, in order to provide a better generalization of
results.

The complete list of projects, along with the number of versions col-
lected for the study and some of their statistics are presented in Table
4.1. As it can be possible to see from the table, the projects differ in size,
ranging from small projects with about 3k LoC and 300 methods in total,
to large projects with more than 150k LoC and almost 10k methods. The
number of test cases in the projects test suite also varies broadly, and is
not always directly proportional to the size of the project. For example,
the AssertJ project is smaller than Joda-time, but the number of its test
cases is around 20% higher. The LoC values and number of test cases re-
ported in the table relate to the average between all the versions involved
in the dataset for each project.

Furthermore, as the main focus of RTP is to re-order the test cases to
reduce the risk of software regression, Table 4.1 shows also, in the common
column, the average number of test case that are present in both versions of
the evolutionary scenario, aggregated by project. Usually, a permutation
produced by any RTP technique is a re-ordering of these common test cases
only, while different policies are applied to tests freshly added in the new
releasing version and thus they are not prioritized. The table presents also
the average number of changed methods between versions in each project,
as this information is crucial for churn-based techniques.
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Projects in the collected dataset have also different natures, and their
application domain is sensibly different from each other. AssertJ? is a
testing framework for the Java language with a rich set of assertions and
a fluent syntax to rapidly produce more readable test cases. Jopt* is a
Java library to parse command line arguments. These two projects have
been employed also in the empirical evaluation of Genetic-Diffs, but their
number of versions has been increased: from 4 to 6 for Assert.J, and from 4
to 5 for JOpt. Joda-time® is a Java library used to manage time and dates,
and it was one of the most used libraries to deal with dates prior Java
version 8. Its components have been actually integrated in the Java core
libraries. La4J® is a Java framework to perform linear algebra tasks. It is
currently not supported anymore, but it has been included in the study as
it differs significantly from other projects in its developmental style, due
to its nature of mathematical library. Finally, Scribe” is a simple OAuth-2
client Java implementation. Note that the Metrics projects employed in
the study of Genetic-Diff has been excluded, as the number of changes at
the coarser granularity level of methods was too small and did not allow
enough fault-injection points.

For each collected project, all versions have been labelled by their rank
in the chronological order of their release. Thus, version 1 represents the
oldest version collected for a project, while the n-th version, with n equal
to the total number of version available for the project, is the last and
most recent one.

Project in the original datasets presented in [82, 83| included no failure
when executing the test suite. To this end, the methodology employed
in these datasets leveraged on artificial faults, automatically injected in
the software via code mutation. The original studies reported in depth
the locations in which the faults were injected, and the same information
has been used on the subset of projects used for the experimentation of
Genetic-Diff in Section 3.3.3. However, these faults were located only on
parts of the software which are common to all the versions considered in
the studies, and even if two versions were close enough, and thus with

*https://assertj.github.io/doc/, visited on 16,/01,/2024.
‘https://github.com/jopt-simple/jopt-simple, visited on 16/01/2024.
"https://www.joda.org/joda-time/, visited on 16,/01,/2024.
https://github.com/vkostyukov/ladj, visited on 16/01/2024.
"https://github.com/scribejava/scribejava, visited on 16,/01,/2024.
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Figure 4.10. Visual schema of the mutant injection process for the MTK
and MTK-QS empirical evaluation.

less changes between them, few injection points were available as several
modules and classes are not present in all versions. When switching from
techniques leveraging a statement granularity level to approaches employ-
ing a method granularity level, this reduced number of locations could limit
the validity of the experimentation. Following this approach, in fact, even
if two versions share a high number of methods which have been changed,
several of these should not be designed to be mutated as these methods
might not have been added yet in older collected versions.

For this reason, the fault-mutation process has been renewed, in order
to supply a larger and more diversified pool of code mutations, which could
be more representative of programming errors, for a specific pair a versions
considered as an evolutionary scenario for the software. More specifically,
given two software versions, i.e., a previous version V; and current versions
Vj, the points in which faults are injected are located in methods belonging
to the code churn between V; and V;. After localizing methods in which
faults should be injected, the fault seeding process and the creation of
faulted variants proceed as in [82] and in the empirical setting of Genetic-
Diff.

Figure 4.10 summarizes the process of fault-injection for the empir-
ical evaluation at the foundation of experiments. For each pair (V;, V)
of chronologically subsequent versions in the collected dataset, methods
which have been changed in at least one of their statements® are produced
through the application of the git-diff tool®. This tool is part of the Git

8Thus, excluding methods whose changes are located in comments only.
“nttps://git-scm.com/docs/git-diff, visited on 16,/01/2024
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utility'? and it is implicitly used by this Version Control System (VCS)
to evaluate modifications between files and functions between two differ-
ent commits. Among the options of git-diff, it is possible to refine the
reports of changes between the versions to a function/method level. This
granularity level has been used to create the list of changed methods be-
tween versions V; and Vj.

Once the list of changed methods has been produced, similarly to the
Genetic-Diff setting, the Major mutation tool'! has been applied to pro-
duce code mutants for methods in the current version V; on the list. All
mutants have been placed into a mutant pool, and then 100 sets of five
mutants have been extracted uniformly at random. For all these sets,
the source code related to the mutant has been injected in the respective
method of the original current version V;, producing 100 variants of this
version. The set of the 100 variants produced for a version will be referred
as the faulted version. Each variant represents a scenario of software evo-
lution in which different faults have been introduced. After variants have
been created, a fault matriz for each variants has been produced. The ma-
trix links all test cases with the faults they uncovers in a specific variant.

Note that the variants have been produced for each pair (V;, V;) of sub-
sequent versions, with V; and V; not necessarily immediately subsequent,
i.e., for all pairs in which ¢ < j. This means that the first and oldest ver-
sion V7 of each project has no variants, while the last one V}, has a number
of faulted versions equal to n — 1, one for each prior version.

4.4.2 Baseline Techniques and Implementation

To empirically analyze the performance of MTK and MTK-QS, a set of
baseline RTP techniques has been chosen. These techniques are commonly
employed in practice in many test prioritization scenarios, both in industry
and in academic researches. Three baselines have also been employed in the
Genetic-Diff study presented in Section 3.3.2, and will be briefly resumed
in this section, while other two baselines have been introduced specifically
for this empirical evaluation. The baseline techniques employed in this
study are:

YOhttps://git-scm. com/, visited on 16,/01/2024.
"https://mutation-testing.org/, visited on 16,/01,/2024.
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Total: a greedy technique which scores each test cases with the total
number of code units it covers [114]. To align this technique to
MTK and MTK-QS, the granularity of code elements considered by
the technique has been set to the method level. This technique has
been included due to its popularity and to its good results in many
practical cases.

ART: an adaptive random prioritization technique, which constructs
a permutation by selecting test cases maximizing the minimum dis-
tance, in terms of coverage, from those already inserted [67]. As
with the total baseline, the coverage is considered at method-level
granularity. It has been included among the baselines to have a non-
deterministic RTP approach to compare the proposed techniques.

Genetic-APTC: a GA with the APTC fitness function, with PMX
crossover and Swap Mutator. The granularity of the fitness function
is at method-level. As ART, this approach has been included to
have a comparison with one more non-deterministic prioritization
strategy.

Difference-Based Prioritization (diff): a RTP approach which scores
test cases according on the number of changed code elements they
cover. After scoring the test cases, the test suite is re-arranged in de-
scending order of these scores. This technique prioritizes test cases
according to the total number of changed methods a test covers.
It employs a simple and naive measure of differences, through the
git-diff utility. Specifically, the changes of each method are eval-
uated in a Boolean fashion, whether the method has been modified
or not during the evolution. This technique has no sensitivity on
types of changes and employs a coarser evaluation of the code churn.
This technique has been introduced among baselines to compare the
impact of different change-measures in the experimentation.

Difference-Based with Quotient-Set Prioritization (diff-QS): a QS
approach using the diff baseline as score function. In this case, the
produced equivalence classes contain all test cases which cover the
same number of changed methods. This technique has been intro-
duced to analyze the performance of QS approach using a different
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score function with respect to MTK-QS, and to state whether the
combination of MTK and QS might produce more benefits for RTP
than other code-churn measures.

Aside from the baselines listed above, MTK and MTK-QS have been
also compared with the test suite in its original order, defined by developers
or by the test runner utility. The permutation with test cases in this
original order is defined as the untreated permutation, and it is referred to
as the No-Prioritization (NOP) technique.

To realize the MTK and MTK-QS techniques, an implementation of
the inner PTK function used to evaluate similarity between ASTs had to
be performed. To this end, the efficient and robust implementation of
Tree Kernels available in the KeLP framework'? has been used. KeLP
(Kernel-based Learning Platform) [46] is a Java framework focused on Ma-
chine Learning approaches based on kernel functions. It supports different
types of convolution kernels, TKs among them, and offers a wide variety
of formats to serialize and deserialize tree structures. KeLP has been ex-
tensively used in several different studies in the field of NLP, but it can be
readily adapted to work on tree representations involved in other branches
of computer science, such as Software Engineering.

The MTK-QS implementation has been split in two modules: the first
directly uses the implementation of MTK to score test cases, while the
second module accepts the collection of scored test cases to construct the
quotient-set and therefore applies the operations defined in Algorithm 4.4.
This separation of concerns allowed to implement also diff-QS using the
same code of the diff strategy, along with this more general implementa-
tion of QS. Concerning the other baselines, the implementation provided
within the studies on the original dataset [82] has been used, with some
tiny modifications to their code in order to embed the techniques in the
prioritization pipeline set up for the experiment. The source code for all
techniques involved in the empirical evaluation can be found in the repli-
cation package [10] of the paper in which MTK and MTK-QS have been
proposed.

2http://wuw.kelp-ml.org/?page_id=728, visited on 18/01,/2024.
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4.4.3 Empirical Setting for Evaluation

To apply the proposed RTP techniques, the setting for the empirical
evaluation has been designed. RTP strategies are part of regression testing
activities, which are performed in scenarios of software maintenance. To
this end, each experiment should resemble one of these scenarios, and in-
volves the evolution from a previous and older version to a current version
in releasing, which is under test and whose test cases need to be prioritized.
The information required by all techniques is assumed to be available on
the previous version, and it is used to drive the prioritization process ac-
cording to the specific measures considered by different approach.

The considered churn-based approaches, i.e., MTK, MTK-QS, diff and
diff-QS, need to quantify the extent of changes in the code. This evaluation
can be performed starting by the original source code of the previous and
the current versions, which are typically available in many practical cases,
and therefore modifications can be quantified according to the specific
approach of techniques. These approaches make use of per-test coverage
reports to join code churn information with test cases exercising changed
parts, while the other baselines use code coverage directly to build the
permutations. In any experiment it is assumed that per-test code coverage
reports are present for the previous version, and used to approximate the
coverage of test cases in the current version.

Each experiment in the empirical evaluation can be described by a pair
of versions, the first one representing the starting and previous version in
the evolutionary scenario, and the specific variant of the current version
under test. An experimental pair denotes each scenario, and can be de-
noted with (V;,Vj ). Vi represents the previous version, which is evolving
into version Vj;, with the original source code aside for mutants included
in the group of faults for the k-th variant. The order of version is rela-
tive to their chronological ordering in the set of collected versions for a
project. The experiments cover all possible evolutionary scenarios with
each project, plausible pair of versions and its 100 variants available. In
particular, the set of all experimental pairs for a project can be defined
as {(Vi, Vi)l <1< j<nAl<k <100}, where n is the number of
versions collected for the project (and reported in Table 4.1). For a pair to
be plausible, the versions involved should enforce the constraint i < j, i.e.,
the starting version should be older than the other. Although it is possible
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to also consider pairs not verifying this constraint, the resulting scenario
might not be representative of a real case of software evolution, and there-
fore pairs of this type have not been considered in the experimentation.

To compute the total number of different pairs of versions involved in
the experiment, if n is the number of versions for a specific projects, all the
experimental pairs are % -100. In fact, version Vj is never considered
as the current versions, V5 is involved in only pairs with V; as previous,
V3 only in pairs with Vi or V5 as previous version, and so on. As for
each pair of versions there are 100 variants of the current Vj, the total is
multiplied by 100. This leads to 52 different arrangements of versions in
pairs, and thus a total of 5200 experimental pairs, on which all techniques
were executed.

The main goal of the empirical evaluation of MTK and MTK-QS is to
assess their fault-detection performance on the collected dataset, in order
to compare results with the widely-used state-of-art baselines. A first
analysis on the permutations produced by the proposed techniques and
the baselines employed the evaluation of the APFD metric, presented in
Definition 2.2, to assess the rate of fault-detection on experimental pairs
composed from the dataset. To assess whether statistically significant
differences exist in results obtained by the APFD evaluated between the
two proposed techniques and the baseline approaches, a Wilcoxon-Mann-
Whitney U-test has been evaluated. The test presents the following null
hypothesis:

Definition 4.10 For each subject project s, and RTP techniques tq,ta, the
null hypothesis is:

Hf)l’tz’p: The APFD value of technique t1 on project p is not greater
than the APFD wvalue of technique to on the same project.

Moreover, to quantify the extent of resources which might be saved by
the application of the different techniques, the PFF and PLF metrics,
respectively shown in Definition 2.4 and 2.5, have been calculated for all
experimental pairs. These metrics give insights on which fraction of the
test suite permutation should be executed, for each technique, before one
or all faults have been discovered.

The fault-detection analysis is carried out on two levels of aggregation:
on a per-project basis, in order to discuss the fault-detection performance
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Figure 4.11. Distribution of experimental pairs according to the number of
changed methods between the previous and current versions. Versions belong-
ing to same projects have same colors.

of techniques according to the nature of the project on which they are
executed, and on the magnitude of changes between two versions of exper-
imental pairs. This latter analysis can help to inspect the fault-detection
behaviour of the proposed techniques on projects with different character-
istics when changes of different magnitude are applied. To this purpose,
the pairs of versions in the dataset have been partitioned in three intervals,
guided by a frequently employed characterization in the software effort es-
timation domain [127]|: a small change interval, which includes pairs of
versions for which the number of changed methods range from 1 to 15; a
medium interval, containing pairs with 16 to 40 changed methods; and a
large interval, with versions with more than 40 changed methods.

The distribution of pairs of versions in the dataset, according to their
respective bin, is presented in Figure 4.11, highlighting the project they
belong. As can be seen, the pairs are nearly equally distributed between
intervals. All bins include pairs from almost all projects, with the exception
of the smallest projects JOpt and Scribe, which due to their limited size
have no pair in the large bin. Even larger projects such as Joda-Time and
AssertJ present pairs with heterogeneous degrees of changes, from new
releases with small modifications to large patches bringing a high amount
of changes between previous and the current versions.
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MTK and MTK-QS perform an evaluation of the extent of changes to
the source code when the software moves from a previous version to a new
version. The steps, resumed in Figure 4.8, involve several operations, from
the construction of the ASTs related to methods, their matching between
the versions, the evaluation of the PTK dissimilarity, the sorting of the
test suite and, in case of MTK-QS, the re-arrangement of the permutation.
The pipeline of these operations is more time-consuming compared to the
considered baseline techniques. In order to account to what extent the
operations performed by MTK and MTK-QS are more costly, in terms of
time, than the other techniques, an analysis of the execution time has been
performed.

To perform benchmarks on the execution time of all techniques, the
Java Micro-benchmark Harness (JMH)!3 framework has been employed
to collected times of the execution of all techniques. JMH provides tools
to ease the definition of benchmarks in the Java programming language,
allowing to run them in different configurations, and employing different
independent instances of the Java Virtual Machine (JVM) to increase the
reliability of results.

The execution time analysis has been performed on the pair of versions
with the greatest number of changed methods, in the worst scenario both
for the proposed Tree Kernel-based techniques. To reduce noise and in-
consistencies in the collected data, each technique has been repeated 30
times, with two independent instances of the JVM. The time to load the
coverage reports have been excluded from the evaluation, as all techniques
rely on this information. The time related to the detection of changed files
between the pair of versions in an experiment has been excluded as well,
as in practical scenarios this information is directly evaluated by the VCS
used for the subject projects when the new version is submitted to the
codebase, and thus it is already available at no cost.

Usually, the most common constrained resources in RTP scenario is
time. An analysis of the time saved by MTK and MTK-QS has been thus
performed using the EET, metric presented in Definition 2.6. This mea-
sure can help to quantify the amount of time required by a prioritization
technique both to construct the permutation and to execute the fraction
of test cases needed to uncover all faults, relatively to the total time con-

3https://github.com/openjdk/jmh, visited on 16/01/2024.
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sumed by executing the entire suite. The results for MTK and MTK-QS
have then been compared to those obtained for the baselines, in order to
have insights on the benefits on their usage in regression testing activities.
To assess also the statistical significance of EET, results, two Wilcoxon-
Mann-Whitney U-test have been performed, to check if obtained results
for different techniques on different experimental pairs originate from lower
or greater distributions. In this case, a lower distribution is better, as it
identifies a technique with lower EET, and, thus, saves more time in the
validation phase. The two tests have the following null hypotheses:

Definition 4.11 Given a project p and two RTP techniques t1 and ta, the
null hypotheses are:

Lf)l’tz’p: The effective execution time of technique t1 on project p is
not shorter than the effective execution time of technique to on the same
project.

Gf)l’tz’p: The effective execution time of technique t1 on project p is
not longer than the effective execution time of technique to on the same

project.

The confidence limit, «, has been set at 0.05. To mitigate the multiple
comparison problem, arising when multiple hypotheses are tested, a stan-
dard Bonferroni correction [25] has been used, as commonly employed in
other software engineering studies [118, 92].

4.5 Results and Discussion

This section illustrates the results of the experimental evaluation of
MTK and MTK-QS techniques and their comparison to the baseline ap-
proaches. The effectiveness of the proposed prioritization techniques on
collected projects has been analyzed using fault-detection metrics and in
terms of their execution time. The analysis of fault-detection performances
has been performed both according to the characteristics and nature of
subject projects, and in relation to the number of changes between the
pairs of versions considered in experiments. The execution time of differ-
ent techniques have been performed on a project basis, firstly measuring
the time spent by the considered approaches to produce a permutation,
and the using then EET, metric to quantify their practical effectiveness.
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Figure 4.12. Box-plots of resulting APFD values for MTK, MTK-QS and
the baseline techniques, aggregated on projects.

The first section presents the results of the empirical evaluation related
to the fault-detection performance, along with a discussion on the obtained
results. The second section details the analysis of the time to execute
the techniques and the extent of resources spared by the application of
MTK and MTK-QS with respect to the baselines. Finally, some threats
to validity, limiting the generalizability of the evaluation, are presented.

4.5.1 Fault-Detection Performance

For all evolutionary scenarios included in the empirical setting, MTK
and MTK-QS have been executed, along with the other considered base-
lines. For each pair of versions, the techniques were applied to all variants
in the pair. along with the baseline techniques. All variants with injected
faults of the last version have been considered, and APFD, PFF and PLF
have been evaluated for each permutation produced by these techniques.

APFD results for the analyzed techniques are shown in Figure 4.12.
The results of the various techniques have been aggregated on a project
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basis, and presented as boxes in the figure. More specifically, each tech-
nique has been executed on all pairs of version of a specific project, and on
all the variants in the pair. The APFD value has then been evaluated for
every permutation produced, and all these values were aggregated together
and depicted by the respective box in the plot. As it can be seen, any pri-
oritization approach significantly improves the rate of fault detection with
respect to the untreated test suite (labelled with NOP). Although in two
of the subject projects (JOpt and La4J) the fault detection rate of the
untreated test suite is high (typically around 0.85), all prioritization tech-
niques exhibit a significant increase in the average rate of fault detection.

The APFD results for MTK are generally lower than the baselines, or at
most comparable to them, for quite all projects. The low scores obtained
were due to the redundancy in the coverage of changed methods in the
scheduling of test cases. In fact, several tests which cover the same changed
methods, are assessed with the same score by MTK, and are therefore
placed one after another in the output permutation. As a consequence,
other changed methods in the version are exercised only after the execution
of a (possibly) long sequence of test cases with the same score. This has
the effect of reducing the fault detection performance of the permutation,
leading to poor results.

As a practical example, Table 4.2 shows the resulting permutation of
MTK for the experimental pair (Vi,Va) of the Joda-time project, on one
of its variants. The table includes the rank of a slice of test cases, with
test names, the scores assigned by MTK and the faults discovered by each
test. As highlighted in the table, the first three tests have the highest
score, and are hence scheduled before the other test cases. According to
coverage reports, these three test cases cover the same changed methods',
and belong to the same test class. None of these tests, however, discover
any fault, as in the considered variant they only cover methods which were
not injected by any mutation. As a consequence, the earlier scheduling of
these test cases does not increase the permutation fault-detection rate. The
fault Fi in the variant is discovered by the 4-th test case, which has a lower
score than the previous ones as it covers a lesser extent of changes. The
subsequent test cases all cover exactly the same changes and discover the
same fault F7, so their execution, one after another, penalizes the APFD

1 As their name also suggests...
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Rank Name Score Faults
1 testProvider 0.735 0
2 testProvider_badClassName 0.735 1]
3 testNameProvider_badClassName 0.735 0
4 testConstructor_0bjectb 0.622 Fi
5 testConstructor_RI_RD1 0.622 Fy
19 testAdd_RInterval4d 0.622 F
20 testToInterval 0.526 Fo

21 testToInterval_nullZone 0.526 Fy

Table 4.2. An example of a permutation produced by MTK for an experiment
on Joda-Time. Fach row is related to a test case. The Score column shows
the score assigned to a test case by MTK, while the Faults column reports the
set of faults the test case in the row discovers. Rows in bold highlight the first
test case which discover a new fault. Horizontal rules in the upper table shows
sets of test cases with the same score.

value of the permutation again. The next valuable test case is in position
20, with a different score from previous tests, and it uncovers the new fault
Fy, positively contributing to the APFD value of the permutation. Other
test cases are assessed with the same score, and scheduled to be executed
after it until new faults are discovered by different test cases with different
scores. This phenomenon repeats until the end of the permutation.

This behaviour has a particular impact on projects with a high number
of test cases, such as Joda-time and AssertJ, or when the number of changes
is limited. In these scenarios, it is more likely that many test cases exercise
the same changed methods. This occurs even more often if the changes
are highly distributed in core modules of the software. Methods in these
modules are typically called from several other components, which might
have remained unchanged in the evolution. However, test cases in these
components are likely to cover the changed methods in core modules, thus
being entitled with the same score and scheduled one after another even
if previous tests already exercised the core changed methods. Due to this,
the risk of depleting a significant amount of resources allocated for the test
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Rank Name Score Faults
1 testProvider 0.735 0
2 testConstructor_0bjectb 0.622 F1
3 testToInterval_nullZone 0.526 Fo
4 testPatchedNameKeysLondon (.482 Fy
5 testWithers 0.478 Fy
110 testProvider_badClassName (.735 0
111 testConstructor_RI_RD1 0.622 Fy
112 testToInterval_nullZone 0.526 Fy

Table 4.3. An example of a permutation produced by MTK-QS for an ex-
periment on Joda-Time. Each row is related to a test case. The Score column
shows the score assigned to a test case by MTK-QS, while the Faults column
reports the set of faults the test case in the row discovers. Rows in bold high-
light the first test case which discover a new fault.

phase due to repeatedly stressing the same code units is increased.

On the other hand, the Scribe project has limited size and a small
number of changes between versions. In this case, the majority of test
cases are assessed with a score equal to zero, while the others are divided
into a few small groups with the same score. This phenomenon is enhanced
also due to the small number of test cases in the test suite of the project,
and delays in discovering faults penalizes the permutation APFD value
significantly more than in other projects.

In the experimentation, MTK exhibited fault-detection performances
worse than all the baselines, due to its redundancy issue. Unfortunately,
the experimentation showed that the MTK technique does not provide
any benefit compared with other prioritization techniques. It might not
be successfully applied to the RTP problem without some device to correct
its redundancy issue.

According to the experimental APFD results depicted in Figure 4.12,
the QS applied to MTK limits and drastically enhances the fault-detection
performance of the technique, as it can be seen from the fault-detection
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performance of MTK-QS. In fact, picking in turn from equivalence classes
reduces the chance that subsequently-scheduled test cases exercise precisely
the same changed methods. To this end, Table 4.3 presents the prioritized
test suite generated by MTK-QS in the same setting as the MTK example
in Table 4.2. The first scheduled test is the same for both techniques, as it
belongs to the equivalence class with the highest score and it also possesses
the highest total method coverage in the class. Unfortunately, it does not
discover any fault. However, in this case, the next test chosen by MTK-QS
belongs to the second, higher-scored equivalence class, which MTK placed
in the fourth position. MTK-QS thus discovers the first fault F; with the
test case scheduled in the second position. Furthermore, the third test
case in the permutation uncovers a new fault, F5, quicker than happened
with MTK. After a test case has been picked for each equivalence class,
the process restarts again from the first and high-ranked one, as can be
seen with the test in position 110.

As shown in Figure 4.12, MTK-QS outperforms both MTK and the
other baselines on all projects, with diff-QS being the baseline whose APFD
results are closer. Although QS applied to changes evaluated by textual
differences often leads to better performances in comparison with the diff
prioritization alone, the MTK-QS approach typically produces test suite
permutations with a higher rate of fault detection. This is due to the dif-
ference in the score functions between the two methods: a score based on
the number of the changed methods covered by a test case does not suf-
fice to discriminate between methods covered by the test, and equivalence
classes defined on it have a smaller chance to exercise the same changes
than in MTK-QS. This lead to the risk of scheduling test cases covering
more changes later in the permutation.

On the other hand, QS applied on more refined churn-based scores can
lead to better diversification on coverage of changed methods. This sug-
gests that the score assigned by MTK can be seen as a kind of fingerprint of
the set of changed units covered by a test case. The diversification of cov-
erage exhibited by MTK-QS is higher even compared with Genetic-APTC
and ART techniques, which search for a permutation with an increased
coverage rate in the set of all permutations. In all scenarios, indeed, the
lack of exploitation about changes in these techniques leads to worse APFD
performances.
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Figure 4.13. Results of Wilcoxon-Mann-Whitney U-Test on APFD results,
for the statistical significance of the proposed techniques, with respect to the
baselines, aggregated on projects. The color of the cells means that the null
hypothesis can be accepted (red) or rejected (green) between the technique on
the row and the one on the column.

Figure 4.13 shows the results of the Wilcoxon-Mann-Whitney U-test of
the proposed techniques with respect to the baselines, after the application
of Bonferroni correction, with the null hypothesis Hgl’tz’p presented in
Definition 4.10. Compared to all the baselines, it is not typically possible
to reject the null hypothesis for the MTK technique, and in the majority of
cases there is no significant improvement in the fault-detection rate of the
produced permutations by this approach. MTK-QS, on the other hand,
constructed prioritized test suites with higher fault-detection rates than
the baselines in almost all subject projects, and the null hypothesis can be
rejected with a high amount of confidence (typically, p < 0.05 in almost
all cases). The only exception to this general trend is the JOpt project,
where MTK-QS produces prioritization whose fault-detection rates are not
significantly greater than the diff prioritization. In this particular project,
however, all techniques involved in the study produced APFD values highly
close to 1, which makes almost all the produced permutations similar to
each other in terms of fault detection.

In general, the experimental results suggest that MTK-QS tends to
perform statistically better in terms of fault detection rate than the other
techniques considered in the study.

Figure 4.14 shows the aggregation of APFD values obtained on exper-
imental pairs in three bins, according to the number of changed methods
between versions in the pairs. The first bin is related to small changes
(1-15 changed methods), the second to medium changes (16-40 changed
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Figure 4.14. Results of analysis related to the number of changed methods
between versions in an experimental pair. On top, APFD values for subject
projects aggregated in small (1-15), medium (16-40) and large (41+) numbers
of changed methods. On bottom, the distribution of experimental pairs in
intervals of changed methods, divided by projects.

methods) and the third to large changes (more than 40 changed methods).
MTK results show that, in any bin, the approach has worse performances
with respect to the other baselines. Even changing the aggregation of
data, the redundancy issue reducing the coverage rate of permutations is
still overwhelming. This happens on all change entities: in fact, when the
changed methods are few, the risk that MTK assigns the same score to
test cases is high, and as previously discussed, the exercising of changed
methods not yet uncovered is postponed. Conversely, as the number of
changes increases, the same does the variety of scores of test cases. How-
ever, test cases which cover different sections of changed methods have
also a smaller probability of exposing the faults. In this case, several tests
covering non-faulted methods could be executed before subsequent cases
eventually show the other faults.

Results obtained by executing MTK-QS can also justify these obser-
vations on MTK. In fact, in all experimental scenarios, MTK-QS outper-
forms MTK, obtaining the highest APFD values precisely on pairs with
the largest number of changes. Fault-detection performances of MTK-QS
are also better than all baselines, both aware and unaware of changes,
also for all extents of changes. From this analysis it is also highlighted
that the improvement in APFD values of MTK-QS with respect to MTK
is higher than the application of QS to the diff technique. In particular,




110

CHAPTER 4.

TREE KERNEL PRIORITIZATION TECHNIQUES

scribe

assertj

joda-time

assertj

v

2321

10 F] w0
o ? ? ? T 00
0 08
o
0s 05
06
04 04
05 03 03

257 1>2 I 3>4 M 556

13704y

Small Amount of Changes Medium Amount of Changes Large Amount of Changes
115 16-40 41+

Figure 4.15. APFD results for specific experimental pairs, subdivided in
small (1-15), medium (16-40) and large (41+) intervals of number of changed
methods.

when considering small projects, the diff-QS performs slightly worse than
diff. In scenarios in which there is a small number of changed methods,
it is highly likely that several test cases have low diff scores, narrowing
the score distribution among tests. In these cases, the round-robin policy
of QS is responsible of a delay in the scheduling of test cases which may
actually cover a larger number of changed methods. As the number of
changes increases, this phenomenon is reduced due to a wider distribution
of diff scores of test cases. This suggests that the scores produced by MTK
are more meaningful to be combined with the re-arrangement induced by
QS. In fact, MTK-QS produces permutations with higher rates of fault
detection, simultaneously exhibiting a lesser degree of variance and thus
proving more stable than the other approaches.

To further drill down the analysis of the proposed techniques, Figure
4.15 presents a finer analysis, focused on four specific experimental pairs.
The presented APFD values have been aggregated on all the 100 variants of
each pair. The considered pairs are labelled by the name of the project they
belong and the relative order of versions occurring in the pairs. The pairs
included in the figure are (V2, V7) of Scribe, (Vi,V2) and (Vs, Vi) of AssertJ
and (V3,V}y) of Joda-time. Two pairs have been chosen from pairs in the
interval which includes a small number of changed methods, while one pair
has been extracted for both the medium and the large change-interval. As
it can be noted from the figure, version pairs extracted from the small bin
produces narrower boxes, due to the fact that a small number of changed
methods introduced few point in which faults were injected, and groups of
faults in variants tend to be more homogeneous. Only Genetic-APTC and
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ART produce wider boxes, due to their non-deterministic nature.

As it is possible to see from the plots in Figure 4.15, diff-QS performs
worse than the simple diff approach in both pairs with a small number
of changes, while MTK-QS has significantly higher APFD results than
MTK. When analyzing in detail the results on pair (Va, V) of Scribe, it is
possible to see that the ART technique outperforms all others on average.
In this case, the variants in this particular pair are grouped in a manner
which favorites the technique, which in general has bad fault-detection
performances on the whole project. This also suggests that the analysis of
single experimental pair out of a wider context can easily lead to mistaken
conclusions, particularly for projects with a small amount of changes in
which faults are homogeneous between variants.

Considering the experimental pair with medium and large changes, i.e.
Joda-Time and the AssertJ pairs, MTK typically performs worse than
the other techniques again. On the other hand, MTK-QS outperforms all
techniques, and has higher APFD values even on the variants in which
it performs worse. Furthermore, AssertJ and Joda-time are the largest
projects in the collected datasets, both in size and in number of test cases
(see Table 4.1). According to its results, in line with the aggregate case
presented in Figure 4.12, the scheduling of test cases produced by MTK-QS
can remarkably benefit the regression testing activities, allowing to rapidly
discover a large amount of faults in these large-sized software.

To analyze how many resources can be saved by employing the pro-
posed techniques compared to the baselines, the PFF and the PLF metrics
have been evaluated on all scenarios in the experimental setting. Results
for these metrics are depicted in Figure 4.16. For each technique and each
project, two bars have been drawn: one, in green, with the average PFF
of all versions and variants in the project, and the other, in blue, with the
average PLF measure obtained in the same manner. The PLF bars include
also the standard deviation error atop, as the resulting values were more
spread around the average than PFF.

As it is possible to see from Figure 4.16, all techniques have typically
low PFF values, with the exception of the untreated test suite (NOP).
This means that permutations produced by any technique discover the
first fault after the execution of a very small number of test cases (usually,
less than the 5% of test cases). Thus, the application of any RTP technique
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Figure 4.16. PFF and PLF values for the empirical evaluation of MTK and
MTK-QS, aggregated on projects.

can produce benefits to the testing activities for the subjects, according to
what has been observed for the APFD metric.

Conversely, PLF results are more various between the different tech-
niques. Analyzing the results of MTK in depth, the PLF metric is higher
than the other techniques in almost all cases, meaning a higher number
of test cases to be executed before uncovering all faults introduced in the
new version. This is due to the poor distribution of coverage of changed
methods, and the application of MTK-QS gives significantly lower values.
Instead, MTK-QS performs better than all the other techniques, discover-
ing all the faults in the software with a small percentage of executed tests.
The maximum PLF value for MTK-QS is obtained in the Scribe project,
and it is around to 22%. This means that, on average, less than a quarter
of test cases in permutations produced by MTK-QS needs to be executed
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Figure 4.17. Average results for the execution time of MTK and MTK-QS,
compared with baseline techniques, per subject project. The average is on 30
repetitions for the pair of versions of each project with the highest number of
changes.

in order to fully uncover all faults in the version. The Scribe project is
however small and has few test cases, thus every executed test case before
discovering all faults accounts for a higher increase in the PLF metric.
When considering other projects, it can be seen that the fraction of the
test suite which needs to be executed to discover all the faults is on av-
erage below the 10%. Focusing on PLF results on AssertJ and Joda-time
specifically, the percentage of the test suite which needs to be executed is
on average less than 5%. As these projects are the largest ones among the
dataset, this has the consequence of saving a higher amount of resources
in their regression testing activity.

4.5.2 Analysis of Execution Time

Benchmarks to analyze the cost to execute the proposed MTK and
MTK-QS techniques, along with all the other baseline, have been exe-
cuted on the subject projects. The results of the benchmark for ART and
Genetic-APTC baselines registered execution times that were typically 2
orders of magnitude higher than those of all other techniques, including
MTK and MTK-QS. Due to their long times to produce a permutation,
ART and Genetic-APTC were not applicable in practice to the subject
projects in the datasets. To obtain reasonable execution times, differ-
ent hyper-parameters (such as number of generation and population size
for Genetic-APTC) have been highly reduced. However, permutations
produced by the algorithms in these condition exhibited very low fault-
detection performance on average, and were generally comparable to the




114 CHAPTER 4. TREE KERNEL PRIORITIZATION TECHNIQUES

untreated test suite. For this reason, ART and Genetic-APTC baseline
techniques have been excluded from this analysis.

Figure 4.17 shows the results of benchmarks on the subject projects in
terms of execution time. As expected, the amount of time for the execution
of all strategies varies according to both the project size and the number
of test cases. Permutations for smaller projects, such as Scribe and JOpt,
have been constructed in the range of few to few tens milliseconds, while
for larger projects, such as Joda-Time and AssertJ, the execution time is
significantly higher.

For three out of the five projects, i.e. AssertJ, JOpt, and Joda- Time,
the execution time of MTK and MTK-QS is slightly higher than the base-
lines, introducing only little relative overheads. It can be observed that
the evaluation time of structural similarity of changed methods using TK
functions depends only on the number of changes between two software ver-
sions, and not directly on the size of the project. Considering the Scribe
subject project, the execution time of MTK and MTK-QS is one order of
magnitude higher. This difference is due to the small size of the test suite
of the project, which causes the time for the evaluation of similarity to
dominate both scoring and sorting steps common also to other baselines.
However, even in this case, the execution time for the proposed techniques
is still lower than 20 milliseconds, thus being affordable for prioritization
purposes with respect to the whole execution time of its test suite.

A different scenario arises from the results for the La4J project. The
execution time of the proposed techniques is, in this case, from two to
three orders of magnitude higher than the baselines. The main cause of
this is not ascribable to the size of the project, as La4J has about 9,000
lines of code, nor to the number of test cases in its suite, less than 400.
The reason of these poor performances has to be found in the nature of
the project itself. La4J is a library of linear algebra for Java and, for
performance reasons, when writing its code, developers preferred parataxis
to hypotaxis, i.e., long sequences of statements on the same level rather
than nested blocks or auxiliary function calls. In particular, two methods
of La4J, namely decompose and hqr2, are 465 and 462 lines of code long,
respectively. Methods of this kind give rise to ASTs with large branching
factor, and the impact on computation time for evaluating TK functions
is exceptionally high (around 1 second for each method). For this reason,
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MTK and MTK-QS might not be suitable for the La4J project, or other
projects which share these characteristics. However, according to good
practices of modern developmental methods, La4J is atypical, and simi-
lar scenarios should seldom be found in practice. It is indeed a common
practice, during software development, to not exceed 20 lines of code in
a method [87], to enhance the maintainability of the software. La4.J does
not follow these practice due to its particular nature of mathematical li-
brary. Other projects present long methods, e.g., AssertJ and Joda-time
contains methods up to 200 lines of code long. These methods are however
processed in few milliseconds, due to the presence of nested blocks limiting
the branching factor of their ASTs and thus can be quickly evaluated by
TKs.

It can also be seen that the application of QS prioritization, either using
MTK and diff scores, introduces a negligible overhead. The partitioning
the test suite in equivalence classes, and the round-robin selection of test
cases within is straightforward if the test suite has been previously sorted
by descending order of assigned score. In this case, in fact, both construc-
tion of the quotient set and the selection can be performed in linear time
on the number of test cases, and this generally requires a small amount
of time compared to the scoring. Moreover, if the number of changes in
the software is small, test cases which do not cover any change are more
likely, and thus the zero equivalence class is larger. As these tests can
be just concatenated with the partial permutation produced when all test
cases from other equivalence classes have already been arranged, the QS
evaluation can be further sped up.

Considering time as the constrained resource in the software testing
phase, the EET, results for the all techniques is presented in Figure 4.18.
EET, values shows the effective times of the techniques, aggregated by
project. Each bar a plot shows EET,. of a specific technique on a partic-
ular project. The bars are related to the average effective times between
version pairs and variants in each project, and the error bars show the
standard deviation. Fach bar highlights the time employed by the appli-
cation of a specific technique, in orange, and by the subsequent execution
of the minimum fraction of test cases in the permutation which discovers
all faults, colored in blue. According to what stated for the technique
execution time of ART and Genetic-APTC, these approaches have been
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Figure 4.18. Average EET, values between projects for MTK, MTK-QS and
the baseline techniques.

excluded from the analysis again. In fact, their execution time alone ex-
ceeded the whole test suite execution time in all cases.

As it can be seen from Figure 4.18, the proposed techniques perform
worse than the baselines on LajJ projects. Analyzing only the slice of
the test cases needed to be executed, MTK produces comparable results
with respect to the baselines, while MTK-QS has a lower and better score.
However, when the execution time of the technique is also considered, the
EET, of MTK tends to be greater than 1, and thus the whole process
of finding a permutation and executing test cases is longer than the time
to execute the whole test suite. MTK-QS on this project provides EET,
values slightly lower than 1 on average, thus allowing to spare time with
respect to executing the whole test suite. However, EET, results of other
baselines are lower and allow to save a greater amount of time. It is also
possible to see that the standard deviation of the proposed techniques is
very high, due to the high variance of MTK and MTK-QS execution time
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on the various versions of La4J. Indeed, when large methods in the project
have not been changed between the two versions, the evaluation of PTK
is not performed on them, and thus the execution time is significantly
shorter. As La4J presents pairs of versions in which large-sized methods
have not been modified, the techniques produce lower EET,. results. When
aggregated on a project basis, however, the elapsed times significantly differ
and the variance in the obtained values is increased. For these reasons,
however, MTK and MTK-QS on La4J do not produce any benefit in the
effective time of the testing phase with respect to the baselines.

For Scribe and JOpt projects, it is possible to see that both MTK and
MTK-QS produce results which are comparable to the baselines. In both
cases, the technique execution time is negligible compared to the slice of
the test suite needed to discover all faults. In particular, the MTK-QS
approach seems to produce, on average, lower EET, values, constructing
permutations which provide more benefits to the testing activity.

On AssertJ and Joda-Time projects, the time to build the permuta-
tion of MTK and MTK-QS is still negligible, accounting to around 3% of
the total test suite time for AssertJ, while being under the 1% of the suite
time of Joda-Time. These projects are the largest in size and with the
highest number of test cases among all subjects in the collected dataset,
but construction of the permutation introduce small overheads in the test-
ing phase. Thus, their EET, results on these projects are dominated by
the fraction of test cases in the permutation which needs to be executed
to uncover all faults. Focusing on MTK, its EET, values are in general
worse or at most comparable to the baselines, due to its redundancy issues.
This leads again to poor performances in comparison with all other tech-
niques. On the other hand, the EET, results for MTK-QS are significantly
lower than the baselines on these two projects. In particular, the second
best-performing technique, i.e., diff-QS, produces effective execution times
which are at least doubled than the EET, values of MTK-QS. This sug-
gests that the application of MTK-QS can remarkably reduce the testing
efforts for these projects.

To assess the statistical significance of whether EET, produced by
MTK and MTK-QS were greater or lesser than the baselines, a Mann-
Whitney-Wilcoxon U-test analysis has been performed. Its results are
resumed in Figure 4.19. Green cells in the figure means that the null
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Figure 4.19. Mann-Whitney-Wilcoxon U-Test comparing effective execution
times of techniques. Cell colors represent whether the technique in the row
generates distributions with shorter (green) or longer (red) effective execution
times than the technique in the column. Cells in gray indicates that the EET,
distributions do not differ in a statistically significant way.

hypothesis Lgl’tz’p in Definition 4.11 can be rejected with high degree of

confidence, and thus that the technique ¢; presented on the row has signifi-
cantly less effective times than technique t2 on the respective column, for a
particular project p. Conversely, red cells means that the null hypotheses
Ggl’tz’p, presented in Definition 4.11 as well, can be confidently rejected,
and EET, values of t1, on the row, are significantly greater than those
produced by the technique ¢35, on the column, for project p. When it was
not possible to state the significance difference of the results, a gray cell
has been drawn.

For the AssertJ and JOpt projects, the MTK approach produces EET,.
results which are neither lower or greater than the total and diff baselines.
On the other hand, MTK has longer effective execution time than the
diff-QS approach, and tends to discover all faults in the software signifi-
cantly slower than the latter approach. On JOpt project, MTK produces
statistically significant lower EET,. values than the baselines, rejecting the
null hypothesis L(t)l’t2’p in all cases. However, all techniques on this project
tend to exhibit low EET, results, and even if MTK performs significantly
better, in general all permutations produced by any considered technique
allow to save testing time. A similar scenario arise from Scribe, where the
MTK approach is better than total and diff-QS baselines, while producing
the same distribution of EET, values with respect to diff. In this latter

case, neither Lg**P nor G§**P null hypothesis can be confidently re-
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jected. Finally, MTK performs statistically worse than all baselines on the
La4J project, as expected. This is due to the fact that the application
of MTK alone to create the permutation consumes more time than the
execution of all test cases in the suite.

MTK-QS approach produces significantly shorter effective execution
times with a very high level of confidence almost all projects, and it can be
used to save more time in the testing phase than the other approaches. The
same observations on MTK applies for JOpt and Scribe, i.e. that even if the
technique produces permutations with statistically lower effective time, any
other technique has similar EET, values, thus the amount of time spared
by different techniques is similar. Instead, when MTK-QS is applied to
AssertJ and JOpt, it produces significantly better permutations in terms
of EET,, allowing to reduce the time needed for the software validation
phase with very high confidence. Focusing on La4J, it is possible to see that
MTK-QS has significantly larger values of EET, and the null hypothesis
Ggl *2:P is confidently rejected. This is in line to what observed on MTK,
as, regardless of the quality of the produced permutation, the evaluation of
the PTK function on this project depletes a vast amount of time resources
allocated for the testing phase, lasting almost as the execution of the entire
suite.

In general, the EET, performance of MTK in terms of effective times
was satisfying on the smaller projects (JOpt and Scribe), while it produced
results which were worse or at most similar to the baselines on the largest
projects. Conversely, MTK-QS outperforms the other techniques in al-
most all scenarios, accounting for notable benefits for the testing phase.
MTK-QS performed particularly well on the largest projects, with great
size and a vast number of test cases. This suggests that the application
of MTK-QS on large projects can produce high benefits and significantly
reduces the resources allocated for the regression testing phase of the soft-
ware. However, this observation cannot be generalized to all types of soft-
ware. MTK-QS, as well as MTK, have been definitely proven unsuitable
for the La4J project. Based on the in-depth execution time analysis on
this project, it can be noted that exceedingly long methods, with hundreds
of lines of code and long sequence of operations at the same nesting level,
are the main weakness of MTK and MTK-QS. However, very long meth-
ods are not advised and avoided in modern developmental practices, and
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thus this weakness can be seen only in specific and niche kinds of projects.
For these projects, it is advisable the usage of different RTP techniques,
as even if permutations produced by Tree Kernel-based prioritization can
have high fault-detection performances, the cost to create these permuta-
tions could be not affordable when strict time constraints are imposed to
regression testing activities.

4.5.3 Threats to validity

The empirical evaluation performed on MTK and MTK-QS techniques
may be conditioned by threats affecting its validity. These threats could
have affected the results and the findings, possibly limiting the general-
izability of performed experiments. As done in the empirical evaluation
presented in Section 3.3, to decrease the chance of misinterpretations, sev-
eral common and widely-used guidelines were employed while designing
the study [140]. However, some threats may be still present, and subse-
quently analyzed.

Threats to internal validity

The confidence of association between treatment conditions and the
establishment of the results can be limited by confounding variables, to
which internal threats to validity refers.

One threat is related to the implementation of MTK and MTK-QS
approaches, due to errors and bugs in the source code designed to im-
plement the techniques. To reduce the possibility of bugs in the used
implementation, the module implementing the AST generation relies on
the GumTreeDiff library. This is a library which has been used in several
sftware engineering studies related to the analysis of tree-based representa-
tion of source code. To evaluate the PTK function used in both MTK and
MTK-QS, the robust implementation of Tree Kernel function provided by
the KeL P framework has been employed as the foundation of the proposed
RTP technique. Both GumTreeDiff and KeLP have been widely used in
literature, and are open-sourced and well-maintained by their respective
communities, reducing the risk of unexpected behaviour in their execution.

Another threat is related to the coverage reports used by the evaluated
RTP techniques. The collection of these reports has been performed by the
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OpenClover tools, which is widely used in many research and industrial
contexts to obtain test coverage for Java software. The module used to
provide per-test coverage has been written from scratch, extending the base
functionalities of the OpenClover tool. However, the per-test results were
already evaluated by OpenClover, and the performed modifications were
applied only in the module which produced the XML reports. Reports
produced by the tools are used by all MTK and MTK-QS, along with the
baselines, which thus leverage the same coverage information.

According to the baselines, the implementation of total, ART and
Genetic-APTC used in the empirical evaluation is the same employed in
different RTP studies [82, 83], with the addition of some wrapper code to
integrate these techniques in the common prioritization pipeline on which
MTK and MTK-QS rely. The diff prioritization was entirely implemented,
using the git-diff utility to extract information on changed methods be-
tween the two versions. As this utility is consolidated and widely-used
by a vast number of software engineering practitioners and scholars, it is
robust and well-maintained, and its usage limits the chance of mismatch
when evaluating changes.

To reduce differences between MTK-QS and diff-QS when re-arranging
test cases according to the quotient-set, an higher-level module implement-
ing the general QS approach has been designed, allowing to inject the
specific score function via a Dependency Injection pattern [47]. The im-
plementation of MTK-QS and diff-QS has been performed using the same
QS implementation, which receives directly the test suite whose test cases
were labeled with the scores assessed by the respective techniques. This
limits any discrepancy between between MTK-QS and diff-QS when the
common last step of re-arranging test cases needs to be performed.

Concerning the internal threats to collecting the execution time of the
various techniques, the JMH framework has been employed. This frame-
work reduces the chance of noise in the evaluation of benchmarks, providing
more reliable results. It is however possible that uncontrollable external
factors could gave rise to fluctuation in the registered times, for example
due to JVM optimizations and to the operating system routines of the ma-
chine in which the experiments were ran. To limit these undesired effects
and ensure fairer results, several best practices proposed in literature [33]
were adopted while the benchmark code has been written. The EET,. anal-
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ysis included both the execution time of the various employed techniques,
and the duration of each test case executed in the suite. For these latter
times, the test execution reports provided by the Surefire tool have been
used. Surefire automatically reports the time consumed by each test case
in the test suite, when executing the validation phase. To guarantee the
consistence of test execution time with technique execution time, the val-
idation phase has been executed on the same machine used to collect the
latter times, for all pairs of software versions. The resolution of execution
time reported by the Surefire tool is 1 millisecond, thus a time of 0 has
been reported to the test cases which employed less time. For this reason,
it is possible that the EET, included in the study were lower than the real
ones. However, according to an in-depth analysis of the test execution of
all projects, this phenomenon seldom occurred in the dataset, and absence
of execution time for those tests had a small impact on the total time of
a test suite. Anyway, the normalization of the execution times over the
entire suite time reduced the extent of these discrepancies.

An additional threat to the validity of our conclusions and statistical
inferences is posed by the multiple comparisons problem. This problem
cause an increase in the likelihood of false-positives to appear, as the more
comparisons are performed, the higher the probability that significant re-
sults appear by chance, when testing a family of hypotheses. This can
lead to the erroneous identification of significant effects or relationships in
the treatment. To mitigate this threat, it is a common practice in software
engineering studies to adopt a Bonferroni correction [118, 92]. This correc-
tion helps to adjust the threshold significance for the individual tests, and
ensures that the error rate for the family of comparisons is still controlled.

Threats to external validity

Threats to external validity may limit the generalization of findings in
a study. To limit the sampling bias, the empirical evaluation of MTK and
MTK-QS involved a subset of five open-source Java projects belonging to
a broader set, whose projects have been used in different RTP studies [82,
83]. To obtain the subset on which the empirical evaluation has been per-
formed, the projects have been selected to be as heterogeneous as possible
in their purpose, size, number of test cases, and extent of changes between
various project versions. However, this limited number of projects might
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not be indicative of all possible Java projects.

Another threat to external validity is the usage of injected faults through
software mutation, as real faults have not been available in subject projects.
This approach has been employed in many works on the prioritization topic
[82, 83| and can be appropriate for research when the environment is con-
trolled [70]. Nevertheless, mutation faults might not be representative of
real faults in some contexts [106]. To mitigate this, the faults have been
injected only in methods which were already changed between the software
versions considered in each experiment. In this case, the injected faults
should resemble mistakes made by developers when rewriting methods.
Furthermore, to diversify as much as possible the types of faults, all the
mutation operators provided by the Major tool, shown in Table 3.3, have
been activated.
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A Dataset of Software
Projects with Real Faults

Few people have the imagination for
reality

Johann Wolfgang Von Goethe

RTP approaches proposed in literature typically involve an empirical
evaluation of performances on a dataset of benchmark projects, and a
comparison of such performances with well-known state-of-art baselines.
As prioritization techniques essentially seek for a permutation with the
desired property of high fault-detection rate in a large search-space, the
experimentation has a major role in assessing the effectiveness of RTP
strategies. However, the collection of a benchmark dataset is usually non-
trivial, for two main reasons: the heterogeneity of information leveraged by
various prioritization approaches, and the typically lack of faults in open-
source public projects, which obliged researchers to use synthetic faults in
their experimentation.

To this end, part of my research aimed to design a dataset which could
be straightforwardly applied to RTP experimentation, allowing scholars
and practitioners in the prioritization field to focus on the design and the
experimentation of techniques they propose, rather than on the collection
of benchmark subjects. This research resulted in ReCover, a dataset of
software projects which has been collected through mining online software
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repositories and whose projects include real-world faults. It has been pro-
posed in my paper [6], and consists of 28 open-source public Java projects
with 228 different versions across these projects, subdivided in 114 soft-
ware evolutionary scenarios.

This chapter presents the ReCover dataset and some of its application.
The first section describes the motivations behind the design of ReCowver,
along with the procedure which has been followed to mine remote software
repositories in order to obtain the projects and versions within. Further-
more, the section details the structure of the dataset and presents some
statistics and characteristics of the collected projects. The second section
introduces two applications of ReCover: a study on fault-proneness met-
rics based on Artificial Intelligence models, presented in the paper [7], and
an experimentation of various RTP techniques on the dataset.

5.1 The ReCover Dataset

This section presents the ReCover dataset, providing motivations be-
hind its collection and detailing the structure of the tool designed to per-
form the mining process starting from two popular RTP datasets, and the
steps to enrich data in these datasets. Subsequently, the section focuses
on the ReCover dataset which has been obtained by the collection process,
and provides details and insights on the collected software versions.

5.1.1 Why a Dataset for RTP?

Experimentation in the field of RTP is heavily empirical, and typically
involves three steps: i) the execution of different prioritization strategies
on a set of benchmark projects, then ii) the evaluation of some desired
metrics, usually related to fault-detection rate, on produced permutations,
and iii) eventually the comparison of results with different chosen baselines.
Nonetheless, these steps presuppose the availability of a consolidated set
of benchmark projects, which is seldom easily obtainable. Indeed, there
is no generally accepted shared set of benchmark projects on which ex-
perimentation can be performed, and researchers should typically collect
the needed data by themselves. Moreover, the software projects collected
to experiment a RTP technique rarely include auxiliary information which
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are not directly used by the specific technique in evaluation, aggravating
the step of performance comparison by other novel proposed approaches.

For the sake of experimentation, subjects of an empirical evaluation
in RTP should resemble software evolutionary scenarios. FEach scenario is
typically composed by a pair of software versions: the version before the
evolution (i.e., the previous version) and the current evolved version under-
test. As fault-detection rate is usually the property which a prioritization
should maximize, the current version in a pair should include at least one
regression fault which is discovered by test cases in the suite.

Usually, finding software versions including real-world faults exhibited
by test cases is not a trivial task. In fact, in evolutionary scenarios of open-
source projects it is typically mandatory for developers to execute the test-
ing phase locally, before submitting their modifications to the codebase.
However, the submitting process could not be allowed if the verification
phase has not successfully executed without any test failures. If it is not
the case, developers are required to fix the failures and to repeat the testing
phase, until all test cases pass. Only in this case they are allowed to even-
tually submit the updated version. For this reason, open-source projects
rarely present software regressions and cannot be employed in RTP exper-
imentation without further processes aimed to add faults in the updated
version.

This reason leads the vast majority of RTP evaluations on open-source
projects to leverage synthetic faults, which can be either manually or au-
tomatically injected to resemble defects in the software [40, 82, 83|. This
kind of experimentation frames a controlled environment in which execute
the evaluation of techniques, maximizing the information on the injected
faults. In fact, the nature and the location of each fault is known, and
this knowledge allows an accurate evaluation of fault-based performance
metrics.

Traditionally, some datasets have been designed to be employed in
software engineering research, such as SIR [39]. This repository includes
software projects in different programming languages, each with various
versions, and which have been used in several fields of software engineer-
ing, including RTP. SIR provides the full source-code of both toy experi-
mental projects and real-world applications, which however do not present
real-world faults. To cope with the issue, synthetic faults have thus been
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manually injected into the repository by software engineering practitioners,
to resemble real defects. Nonetheless, projects written in object-oriented
programming languages which are included in SIR, are often outdated.
Focusing on Java-based projects, several of them use older versions of the
language grammar. On one hand, this causes the projects to be not fully
representative of modern software development, and on the other hand in-
creases the efforts of building and testing the projects to obtain auxiliary
information, such as coverage reports, due to the deprecation of previous
language structures.

More recent datasets leverage open-source software projects with arti-
ficial faults, automatically injected via code mutations. The dataset used
as the basis of the experimental evaluation of Chapter 3 and Chapter 4
[82, 83| are part of this category. These datasets typically included the
full source code of projects and versions contained within, along with the
location in which faults have been injected. They also provide coverage in-
formation, usually in the form of coverage matrices', at statement, branch
and method levels of granularity. However, this kind of coverage informa-
tion could limit prioritization approaches jointly based on coverage and
code churn, as these datasets typically lack of mapping between the cov-
ered structural elements and column indexes. For this reason, it might be
necessary to rebuild these software in order to collect more detailed infor-
mation.

One of the main limitation for dataset including synthetic faults is the
threat to the generalizability of the performed RTP studies. Although
different studies state a high correlation between artificial and real faults
in many contexts [40, 70|, synthetic faults might not be representative
of all possible scenarios of software defects, thus limiting the validity of
experiments if the injection process is not accurately performed [51].

Differently from open-source projects, industrial systems often include
information of test failures during their evolution, and could be a valuable
benchmark for RTP techniques due reported real-world faults. Indeed, the
testing process of these systems is often performed in the company infras-

LA coverage matriz is a Boolean matrix M € {0,1}"*™, where n is the number of
test cases and m is the number of code elements in the software. The entry M, ; is
equal to 1 if the test case labeled with i covers the code unit j, otherwise it is 0. Code
elements can be considered at different levels of granularity.
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tructure, and feedbacks on failing tests are readily available to development
teams in order to correct these defects. Some RTP studies evaluate the
techniques they propose on such industrial systems [27, 36, 43, 86], and
the validity of results is strengthened by the application to these practical
cases. However, industrial systems are typically proprietary applications,
and their source code cannot be shared to replicate the experiments. Fur-
thermore, some RTP techniques are developed specifically for these sys-
tems, tending to adhere to the company developmental methodology. For
this reason, it could not be completely clear how they could perform in
different contexts.

Lately, the spread of public code repositories and CI/CD pipelines, such
as GitHub? and TravisCI3, led several developers to migrate the execution
of the testing phase of their software to these remote environments. Along
with the execution of the build and testing phase, CI/CD pipelines often
publicly store test execution reports, and it is thus possible to query these
reports to detect real-world faults in the project versions.

The presence of public test execution reports allowed the mining of
open-source projects from online code repositories. This led to the col-
lection of various datasets to employ in different tasks of software engi-
neering, such as GHTorrent [52]|, TravisTorrent [17] and Defects4J [69].
These datasets record a set of metrics observing several events which oc-
cur to projects and versions stored in the repositories, e.g., a new commit
or the completion of lifecycle phases in a pipeline. However, constructing a
dataset for RTP research from the recorded events is not straightforward,
as shards of information from different sources should be aggregated to-
gether to retrieve suitable evolutionary scenarios to employ in empirical
evaluations.

The recent RTPTorrent dataset [88] has been specifically designed to
support prioritization researches, as its name suggests. RTPTorrent con-
tains references of over 100k software evolutionary scenarios extracted from
GHTorrent and TravisTorrent. Another large dataset for RTP has been
used in the empirical evaluation of a Information Retrieval-based RTP
technique [107]. The study employed a dataset with over 3k scenarios of
software evolution with real regression faults, and presented references to

2https://github.com/, visited on 25/01,/2024.
Shttps://www.travis-ci.com/, visited on 25/01/2024.
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the location of each software version in its remote repository. Both the
former and the latter datasets include real-world faults.

Reference-based datasets are useful when experimenting particular types
of RTP techniques, such as history-based prioritization approaches, but
might be limited when techniques employing other types of information
should be experimented. In these scenarios, researchers need to manually
retrieve the original version of the software from the repository and possibly
re-execute the building and testing phases to collect auxiliary information
(e.g., code coverage or test execution reports), which is a time-consuming
task. Furthermore, in several cases it is not possible to recreate the origi-
nal build environment, causing the failure of the collection process, or the
remote repository pointed by the references might have been moved or
deleted, making references not stable in time.

These limitations of the several datasets proposed for RTP motivated
the process of collection of a novel dataset which could alleviate the burden
of collecting, configuring and possibly executing the projects on which
evaluate the effectiveness of prioritization techniques, as a step towards an
easier empirical replication.

5.1.2 Mining ReCover

To collect a dataset through public software repositories, the first step
has been to outline projects which could be suitably applied to RTP stud-
ies. To this end, a literature analysis outlined two of the most complete and
recent sources: RTPTorrent [88], as it is specifically tailored for RTP ap-
plications, and the dataset in [107]|, which will be referred to as IR dataset
for the remainder of the chapter.

RTPTorrent includes a heterogeneous collection of open-source Java
projects with the Maven project management tool. The projects have been
jointly mined from GitHub and TravisCI. To collect RTPTorrent, several
build logs available on TravisCI have been automatically analyzed and
those builds which exhibited test failures were considered. On the TravisCI
platform, build logs also record the identifier of the GitHub commit which
triggered the build, hence allowing the extraction of the two versions in
the evolution of the project from these failing builds. More specifically,
the version related to the commit triggering the build is designed to be the
current version under test, while the commit immediately preceding it is
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designed to be the previous version. Pairs of versions identified by builds
in this manner are included in RT'PTorrent, which counts over 100k pairs
across 20 Java projects. The builds are stored in CSV format, including
the build identifier on TravisCI, the commit SHA identifier of both versions
on GitHub and other aggregated data as the number of test cases, failures
and the test suite execution time on the TravisCI platform. RTPTorrent
has been chosen as its projects presented a good level of maturity and
popularity on GitHub, and are heterogeneous both in nature and in size.
On the other hand, the collected builds are not always characterized by
code changes, as it is possible that the same version identifier is used in
several builds.

The IR dataset contains several software projects, along with differ-
ent builds related to evolutionary scenarios. On this dataset, the em-
pirical evaluation of an Information Retrieval-based technique has been
performed [107]. The dataset has been similarly obtained as RTPTor-
rent, by mining TravisCI and GitHub, and contains projects which use
Maven as project management tool. The methodology for retrieving the
dataset consisted in initially identifying two consecutive TravisCI builds,
for which the older is successful and the newer is failing due to test case
failures. From these two builds, the identifiers of commits triggering them
have been then extracted and the versions were retrieved from GitHub.
The dataset contains over 2000 builds across 123 Java projects, storing in-
formation of each build and commit identifiers in CSV format. The main
advantage of IR Dataset is the fact that collected pairs of versions are
more likely to exhibit failures due to changes in their source code, due to
have been employed on a change-aware RTP approach.

RTPTorrent and IR Dataset provide data about projects and versions
through references to the remote location of builds and commits, respec-
tively linked to TravisCI and RTPTorrent. To enrich the data with differ-
ent information which can be readily used in RTP studies, the full source
code and test coverage reports needed to be collected. Due to the large
number of builds and projects jointly contained in both RTPTorrent and
IR Dataset, a manual retrieval of this data would be unfeasible, as the
process involves both a re-build of every single version, enriched with code
coverage tools if not already present in the original project, and the exe-
cution of the test phase. Thus, this process has been automatized through
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Figure 5.1. Steps and operations performed by the mining tool used to collect
the ReCover dataset.

the design of a mining tools which has been used to collect the ReCover
dataset.

Figure 5.1 shows the pipeline of the designed mining tool*. The tool
is written in Java and is capable to query both TravisCI and GitHub
to retrieve versions, download their source code, and to execute all their
building and testing phases to obtain code coverage and test reports. The
overall architecture of the tool is divided in three sequential modules: the
Dataset Reader, the Job Processor and the Reporter.

The Dataset Reader is responsible to process the build information of
RTPTorrent and IR Dataset, in their native CSV format, and to extract
the list of mining jobs which should be subsequently retrieved. The Dataset
Reader module does not actually query any remote software repositories,
as this will be done in following steps, to reduce the latency between the
identification of mining jobs and their effective retrieval process. Each
mining job is identified by a slugname, i.e., a string with the name of
authors and the name of projects concatenated by a '@’ character, the
build identifier to locate the specific build on TravisCI, and two commits
SHA identifier for the previous and the current versions involved into the
build. Commit identifiers can be empty, whether these were present in
the original dataset or not. The module is also responsible to remove
duplicate entries from the initial datasets. To this purpose, two builds are
considered duplicates if they shares the same commit identifiers of both
previous and current versions, as they are indiscernible from each others.
As a note, the Dataset Reader module has been implemented to readily

“The complete source code of the tool is available at https://zenodo.org/records/
5911108.
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support different input datasets by adding new sub-modules capable of
producing the related list of mining jobs.

After the list of mining jobs has been collected by the Dataset Reader,
the Job Processor is designed to retrieve the data of each build and to
execute the lifecycle phases needed to collect the coverage and test infor-
mation. Each mining job is processed in parallel by the Job Processor
module, as the steps of different jobs can be performed independently, to
significantly speed up the collection of the dataset. Starting from a mining
job, the Job Processor queries the data on GitHub and TravisCI accord-
ing to the references contained in the entry. In particular, if the commit
SHA identifiers for both versions are present, GitHub is queried directly
to obtain the original sources of the versions. If any identifiers for pre-
vious or current version is missing, then the module tries to retrieve this
information by querying TravisCI via the build id of the mining job. If
the information could not be found, e.g., because the storage time of the
build expired on TravisCI platform, or the identifiers are no more valid
references on GitHub, the entire job is marked as failed due to references
not found and the process ends after communicating this status to the
Reporter module.

When the GitHub references have been found for the job, the related
repository is cloned and checked out to the specific previous and current
versions, which are then stored in separate folders to start the building
process. The build and test phases of the versions is performed through
the Maven tool, by running the related lifecycle goals. While the current
version can be built as it is, the previous version needs to be built to allow
the record of coverage reports. To this end, the OpenClover coverage tool is
added to the dependencies of the previous version, before starting the build
phase. If there are conflicts with this dependency, the tool automatically
tries to resolve them by checking and removing other known dependencies
which could clash with OpenClover (e.g., other coverage tools such as
JaCoCo%). If any build phases result unsuccessful, either for previous and
current version, the job is marked as failing and the status is communicated
to the Reporter module.

After the building phases have been completed for both versions, their
test phases is subsequently invoked. The test phase on the current version

Shttps://www.eclemma.org/jacoco/, visited on 22/01/2024.
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allows to obtain test reports and thus information on failing tests, while the
testing phase on the previous version is needed to retrieve coverage reports.
These reports are produced at statement granularity level, as OpenClover
automatically includes also the method and branch level granularity. The
entire build is marked as failed if the current version does not show any
test case failures. Note that if any test cases fails in the previous version,
the build could be still acceptable and it is further processed. If all these
steps have been successfully completed, the pair of versions is inserted in
the dataset, and the Reporter module is informed of the success.

The Reporter module is responsible to produce the meta-information
related to the collected version pairs and to aggregate metrics concerning
the mining process. When the Job Processor communicates the status
of each job, either success or failure due to missing references or errors
in build and testing phases, the Reporter module internally aggregates
these data. After the Job Processor finishes the collecting process for all
mining jobs, the Reporter module produces two types of different reports: a
relational structured format, which is stored in a SQLite database and can
be queried using SQL, and a XML textual format. The first report contains
details on projects, builds and versions, along with general statistics of the
mining process. The latter report includes specific information of projects
and builds, such as the size of each mined version, the number of common
test cases in a version pair and the percentage of covered code units in the
previous version of each pair.

At the end of the execution of the entire mining process, several builds
were failing, meaning that the mining could not be performed. Concerning
IR Dataset, from the over 2000 builds present in the dataset, less than an
half were found on GitHub and produced a reference not found status.
Furthermore, another significant fraction of the builds resulted in an error
status, often due to errors in the building phase of its versions, and seldom
because the current version exhibited no failure in the testing phase. In
summary, less than 10% of the original IR Dataset could have been mined
successfully. Figure 5.2 shows the percentage of build in IR Dataset in
each status, and the number of collected version pairs. In particular, from
this dataset 33 projects and 124 version pairs have been collected.

When analyzing references from RTPTorrent, less than 3% of the over

https://www.sqlite.org/index.html, visited on 21,/01,/2024.
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Figure 5.2. Results of the ReCover mining process on IR Dataset. Left: per-
centages of processed jobs according to their status. Right: absolute number
of jobs per status (10 jobs per block).

100000 builds in the dataset have been found. The main cause of this
issue is due the expiration of build logs on TravisCI, which could not
be successfully queried to obtain the SHA identifier of previous versions.
Among found references, only 78 pairs of versions for 5 different projects
have been successfully collected”.

From the total of 202 pairs jointly collected from IR Dataset and RTP-
Torrent, a manual inspection led to the removal of 88 different pairs, due to
test failures ascribable to configuration issues (e.g., missing environments
and unavailable remote service access). The removal of these pairs had also
the effect to the exclusion of 10 projects, which had no version pair left.
For this reason, the collected pairs included in ReCover are 114, spread
across 28 projects.

5.1.3 Dataset Insights

ReCover contains 28 open-source Java projects and 228 software ver-
sions divided in 114 pairs of evolutionary scenarios. Table 5.1 presents the
complete list of projects collected in the dataset, along with some software
metrics as the number of builds collected for a specific project, its average
number of LoC and methods, the average percentage of statements covered
by tests of the previous version in a build, the number of test cases and

"No figure has been inserted for the mining process of RTPTorrent references, as it
would have been resulted in an almost full orange-coloured pie-chart.
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the average faults across pairs in the project. As it is possible to see, the
number of builds for each project is typically small (17 projects contains
1 or 2 version pairs), while other projects have a high number of collected
builds, up to 22. The collected projects are heterogeneous and vary in their
size, from tiny projects with less than 3k LoC, to software projects with
more than 100k LoC and over 5k methods. Also the percentage of coverage
among the various builds highly varies, and could be used to experiment
the effects of different amount of coverage information in RTP techniques.
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Project Builds LoC Methods Covered Tests Faults
abelb33@Mapper 2 s 1598 56.5% 226 4
adamfisk@LittleProxy 21 2k 465 79.8% 61 7
alexxiyang@shiro-redis 2 <1k 164 49.0% 20 9
alibaba@fastjson 3 31k 15141 50.1% 4082 11
alipay@sofa-rpc 4 25k 4498 70.6% 4384 46
apache@incubator-dubbo 4 50k 10598 63.8% 2563 36
apache@rocketmq 5 56k 6960 43.6% 310 5
AxonFramework@AxonFramework 22 34k 8872 82.4% 1678 11
ctripcorp@apollo 1 19k 3490 68.5% 574 3
davidmoten@rxjava-extras 2 6k 1448 72.3% 631 11
demoiselle@framework 3 2k 626 70.7% 196 5
dynjs@dynjs 2 21k 3436 80.9% 852 20
elasticjob@elastic-job-lite 1 6k 1771 85.1% 193 11
hs-web@hsweb-framework 1 16k 3278 27.1% 23 5
JSQLParser@JSqlParser 1 9k 2602 25.3% 744 1
10rdn1kkOn@wicket-bootstrap 1 16k 2995 28.8% 205 1
lukas-krecan@JsonUnit 2 4k 911 92.9% 1861 28
magefree@mage 2 182k 115382 0.7% 2331 2166
mitreid-connect@OpenID 1 18k 2057 43.9% 220 2
onelogin@java-saml 1 3k 749 96.1% 359 25
pf4j@Qpf4j 3 3k 480 74.8% 60 2
pippo-java@pippo 1 11k 1638 26.3% 136 1
rapidoid@rapidoid 11 44k 7487 53.1% 492 106
rickfast@consul-client 1 2k 418 49.5% 50 1
sismics@reader 7 8k 1083 58.0% 94 19
tcurdt@jdeb 1 3k 443 76.5% 7 1
thinkaurelius@titan 8 19k 2603 62.5% 263 15
vipshop@vjtools 1 Tk 1398 67.4% 170 7

Table 5.1. Overview of projects included in ReCover and their statistics.

Figure 5.3 presents box-plots of some statistics of versions contained in
ReCover. The plots show the distribution of versions according to three
metrics: the number of LoC, which is an indicator of the size of the col-
lected versions, the size of the test suite, which gives insights on how
thoroughly the software has been tested, and the number of failing test
cases, which relates to the defects present into the current version of each
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Figure 5.3. Box-plots presenting some statistics of projects and builds in the
ReCover dataset.

pair. Outliers have been excluded from the figure. According to the size,
a significant number of versions are medium and medium-large sized, and
distribute around 8k and 38k LoC, with a median value of 18k. ReCowver
presents also small projects, with versions less than 7Tk LoC, and large
projects, with more than 50k LoC. From the perspective of number of
test cases, the median cardinality of the test suite is around 500 tests,
but a significant number of versions fall in the range 200-1200 test cases.
Furthermore, a small number of versions possesses more than 1200 test
cases. The execution time of the test suites also significantly varies be-
tween projects, ranging from times of less than a minute to projects whose
execution time is larger than a hour. If contextualized in CI/CD environ-
ments, even project with short execution times of their test suites, when
framed in CI/CD contexts, might be suitable subjects for RTP. In fact,
as the frequency of updates grows larger, the time window to execute test
cases becomes narrower and, in extreme cases, even short overall execu-
tion times might not be affordable. Concerning the number of failing tests
between pairs of versions, a high amount of pairs presents from 5 to over
30 failures and, in some pairs, they exceed 40 failures. These statistics
show a reasonable amount of heterogeneity among the collected versions,
and guarantee a good level of generalizability when used as basis for the
experimentation of RTP techniques.
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Figure 5.4. ReCover structure and report formats. (a) Structure of folders
for projects in ReCover. (b) UML class diagram for the database schema. (c)
Snippet of project meta-data in XML reports.

Project versions in ReCover presents a particular structure of folders
in the repository, as Figure 5.4a shows. Each mined project is stored in a
folder whose name corresponds to the slugname of the project. Insider the
folder, each pair of versions is stored in a sub-folder named after the build
identifier in TravisCI, and its pairs of versions are stored in two nested sub-
folders with the GitHub SHA identifiers. As the alphabetic order of version
identifiers does not resemble their chronological order, a text file defining
which version is the previous one and which is the current one is present
in each build folder. Each version folder contains the full original source
code of the commit, along with surefire reports and, in case of previous
versions, the per-test coverage reports produced by OpenClover.

Meta-data about projects and versions collected in ReCover are pro-
duced by the Reporter module of the mining tool in relational and XML
format. Figure 5.4b depicts the class diagram with the structure of SQLite
database created by the Reporter module after the mining process. Each
project possesses its name and its source dataset (either RT'PTorrent and
IR Dataset), and it is composed by one or more version pairs, which con-
stitute the evolutionary scenarios and are related to a specific build in
TravisCI. Each version pair is linked to a previous and a current version.
Versions stores the SHA identifier of the GitHub commit, the number of
LoC and classes, and the timestamp of the commit. Furthermore, test
cases of each versions are included in the database and are associated to
a specific version in ReCover. Each test case is characterized by its full
qualified name and the status, either passed, failed or error. If the test has
been successful in the testing phase of the mining process, then its status
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is "passed", otherwise it is "failed" if the test did not succeed because of
a failed assertion, or "error" if other unexpected causes took place (e.g.,
an exception has been thrown during the test execution). A test cases is
considered as fault-exhibiting if its status is either failed or error. The
database has been designed to readily query the data, in particular related
to test cases, in order to help ReCover users in aggregating project statis-
tics.

The produced XML reports are thought to be a catalog of projects and
versions in the dataset. By reading the reports, it is possible to find various
information on the structure of versions. Figure 5.4c shows a snippet of the
XML report related to a specific project. The artifactData element stores
the information on the entire project in ReCover, as name and author,
along with the type of project. A project type is either "modular", if it
aggregates different sub-modules with their own separated source files, or
"plain". Useful metrics of each project are stored in the artifactMetrics
element, as the number of version pairs included or the average LoC.

Version pairs are characterized by the TravisCI build id and specific
metrics for the pair, such as the modifications to the test suite which
have been done in the evolution between the two versions. In particu-
lar, attributes addedTests and deletedTests show the number of tests
which have been respectively added and deleted between the versions, while
commonTests records how many test cases remained unchanged. Addi-
tionally, the attribute failures counts the number of failing test cases
between the versions. Previous version and current version have two dif-
ferent tags, to readily find their role in the pair. Both elements have the
same attributes, i.e., some version metrics and the percentage of state-
ments covered by test cases (in the range [0,1]). Each version provides
also the location where to find coverage and test reports in the dataset
folders, along with all sources and test directories for each sub-module in
the version.

ReCover dataset enriches and consolidates the two popular source RTP
datasets from which it has been collected. It adds the full source code, test
execution reports and fine-grained per-test coverage reports, in order to re-
duce the burden of manually collecting and executing projects to retrieve
data needed in RTP research. Furthermore, it provides a build environ-
ment which can be readily extended to produce different kind of informa-
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tion needed to evaluate and execute various prioritization techniques.

5.2 RTP Techniques on ReCover

This section presents an evaluation of several different RTP techniques
on pairs of versions present in the ReCover dataset, to establish their fault-
detection performances on a set of projects with real-world faults. The
section initially presents the methodology on which test failures have been
mapped to faults, due the absence of fault-localization information, and
the experimental setting, defining the techniques employed in the empirical
evaluation and the target metrics. Eventually, it describes an analysis of
the different outcomes for some sample projects.

5.2.1 Experimental Setting for ReCover

The first point in designing the experimental setting for the evalua-
tion has been to choose the methodology used to build the failure-to-fault
mapping, i.e., how failures in test cases map to different faults present in
the software version. In fact, the information of which faults cause vari-
ous test cases to fail is not known in the dataset, thus it not possible to
tell whether two or more test cases fail for the same defect or not. RTP
studies on datasets with real-faults in literature typically choose between
two distinct approaches: all-to-one and one-to-one 113, 122]. The former
consists in mapping each failing test cases to a single fault in the software,
while the latter treats each failure to be caused by a distinct fault.

Both mappings have their flaws: the all-to-one mapping considers only
a single fault in the entire software, which can be plausible when there is a
small number of failing test cases; however, as the number of test failures
grows, it is highly unlikely that all these failures are caused by a single
software defect. This approach typically overestimates the fault-detection
capabilities of RTP techniques, as it highly awards permutations schedul-
ing any failing test case in initial positions, disregarding the remainder
of the permutations. The one-to-one mapping, on the other hand, pre-
supposes that each test case could not discover more than one fault, and
tends to underestimate the rate of fault-detection. In fact, if two test cases
exercise the exactly same code, it is highly likely that the failure of one of
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these will result in the failure of the other. However, this mapping has the
effect that fault-detection rate evaluation metrics assign a higher score to
a permutation if such test cases are scheduled one after another, although
their subsequent execution provides redundant information to the devel-
opers in charge of correcting the defect.

Other intermediate mappings could not be straightforwardly designed,
as they involve a fault localization analysis and their subsequent mapping
to test cases which exhibit such faults. Due the varying number of test
case failures across pairs in the dataset, it has been used as the underlying
failure-to-fault mapping for experiments on ReCowver.

Several RTP techniques have been employed to perform an empirical
evaluation on ReCover, including coverage-based techniques and different
TK-based techniques. One of my study [7] investigated the correlation
between different fault-proneness metrics based on various Al models and
fault-proneness scores assigned by human experts. A subset of method
evolutionary scenarios present in the ReCover dataset has been manually
labeled by a practitioner and a researcher in software testing and compared
with the scores automatically evaluated by the considered Al-based fault-
proneness metrics. The outcome of the study suggested that some types
of TK functions could be better indicators of fault-proneness of changed
methods with respect to the others Al-based metrics (e.g., transformer-
based models [132| and CodeBERT [45]). This result motivated the inclu-
sion of different variations of the MTK technique, in particular considering
either the STK function and the Tree-Kernel distance metric presented
in Definition 4.7 to produce the dissimilarity of code fragments. These
variations have been evaluated on the dataset along with other defined
approaches, illustrated in the following:

e total: the traditional total coverage prioritization technique, ordering
test cases according to the total number of code elements they cover
[114]. The granularity of code elements has been set to statement-
level.

e additional: a prioritization approach which selects test cases accord-
ing to the increment on covered code elements they provide [42]. This
RTP technique selects the next test which covers the highest number
of code elements not yet covered by previous scheduled test cases. As
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the total technique, the granularity has been set to statement-level.
This permutation typically guarantees high fault-detection rate, but
is not commonly employed in practice as it does not scale well with
the number of test cases. In fact, once a test case has been selected,
the information of code elements not yet covered should be updated
for all the remaining tests. For this reason, its time complexity is
O(n?), with n number of test cases in the suite. As the test suite
grows, which is typical in RTP practical contexts, the time to eval-
uate the permutation alone could deplete all testing resources.

e diff: the textual difference-based prioritization, also employed in the
empirical study described in Chapter 4. It assigns scores to test
cases according to the number of changed methods they cover, and
re-arranges the permutation in descending order according to these
scores.

o TK dissimilarity: the MTK technique using the dissimilarity func-
tion in Definition 4.6. Two techniques have been employed, according
to the inner TK function they employ to evaluate dissimilarity, i.e.,
STK and PTK.

o TK distance: the MTK technique using the Tree-Kernel distance
function (presented in Definition 4.7) to evaluate the extent of changes.
Also in this case, either STK and PTK have been employed as basis
of the distance metric.

e ()S5: the QS approach which re-arranges test cases according to equiv-
alence classes on scores assigned by other prioritization techniques.
Three underlying approaches used to score techniques have been em-
ployed, the diff approach, TK dissimilarity and TK distance. The
latter two internally leverage the PTK function.

The untreated test suite (NOP) has been also included to compare the
effectiveness of the original execution order of test cases with the permu-
tations produced by the considered RTP techniques.

Fault-detection performances have been evaluated using the APFD
metric in Definition 2.2 and the PFF PLF metrics presented in Defini-
tion 2.4 and Definition 2.5, respectively.
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Figure 5.5. Experimental results on an example pair in the rapidoid@rapidoid
project. APFD values are depicted in the left plot, while PFF (violet) and
PLF (blue) results are shown in the right plot.

5.2.2 Results and Discussion

Results obtained through the evaluation of the considered techniques
showed fault-detection scores which highly fluctuate across the different
pairs in the dataset, for all the techniques. No general trend or pattern
resulted from the analysis of these values, and the various techniques per-
formed in significantly different manner both across the various project
and for different pairs within the same project. One of the chief factors for
these fluctuating results could be ascribed to the lack of information on
the location of faults within versions. The approximation through the one-
to-one mapping reduces the accuracy of produced fault-detection rates, in
particular when there are several failing test cases.

Among all performed experiments, three examples of results are pre-
sented in the following. These examples shows different types of fluctua-
tions in the results according to characteristics of subject pairs of versions.

Figure 5.5 shows the APFD, PFF and PLF results for the build with
id 810896226 in the project rapidoid@rapidoid. There are 5 failing tests in
the current version of the experimental pair, which the one-to-one mapping
links to as many defects. The rapidoid@rapidoid projects is a medium sized
project, with a test suite composed by 500 tests. These test cases do not
exercise the source thoroughly, as its coverage percentage is around 50%.
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APFD results for this scenario shows a low degree of fault-detection
rate for all techniques. In particular, it is possible to note that the addi-
tional prioritization has worse performance than the total strategy. How-
ever, permutation produced by the additional technique tends to have a
higher rate of coverage of statements, while the total approach might put
test cases stressing the same statements closer in its scheduling. Due to
these behaviours, APFD results for these techniques suggests that the one-
to-one mapping is not realistic in this case. In fact, test cases only covering
already exercised units are scheduled later in the permutation produced by
the additional technique, as these tests would not cover any new statement
in the software and not showing any new fault even if these tests fail. In
the one-to-one mapping, however, this phenomenon strongly penalizes the
additional, while enhancing the performance of the total technique, which
on the contrary schedules these failing test cases earlier even if their cov-
erage is redundant.

It is possible to see the same behaviour also with all the QS techniques,
compared with their counterparts not using the quotient set. All perfor-
mances are in fact lower, due to the fact that diversify the coverage can
delay the execution of failing test cases which possibly uncover already ex-
hibited faults. As a note, diff-QS presents a minor loss in APFD (around
3.5%) with respect to the all TK-based techniques with QS (in which the
loss is around 6.5%). In this case, as scores produced by diff are less in-
dicative of same set of covered methods, the equivalence classes are more
likely to contain test cases covering different covered elements. On the
other hand, scores produced by the TK have a higher chance to represent
the same set of covered methods, and thus there is a greater loss in per-
formance. Furthermore, TK-based techniques produce the highest values,
with small fluctuations between both the type of TK function used and the
dissimilarity /distance employed. The same observations can be deduced

by the analysis of the PFF and PLF results.

The other example in Figure 5.6 refers to build 885844174 of the lukas-
krekan@JsonUnit project. With little more than 4200 lines of code, the
project is small. However, it is exhaustively tested, including around 1600
test cases in the current version and a coverage rate greater than 90%.
This particular pair of versions presents 50 failures in test cases. For such
a small project, this number of failures is hardly due to 50 different defects
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Figure 5.6. Experimental results on an example pair in the [ukas-

krekan@JsonUnit project. APFD values are depicted in the left plot, while
PFF (violet) and PLF (blue) results are shown in the right plot.

and the one-to-one mapping cannot realistically represent this scenario.
This is suggested also by the amount of changed methods between the two
versions, which is around 10.

As it is possible to see from the figure, all difference-based techniques
perform similarly, as the produced permutations are very close to each
other due to the limited number of changes. Also the loss in APFD values
between QS techniques and their counterparts are constant and limited.
As it happened in the previous example, also in this scenario the additional
technique perform worse than the total, suggesting again that the one-to-
one mapping could not be a good approximation of the number of faults
in the experiment.

Finally, Figure 5.7 shows APFD, PFF and PLF scores for the build
with id 12132071 of the AdamFisk@LittleProxy project. The project is
one of the smallest in ReCover and has less than 100 test cases. In the
considered pair of versions, it is present only a single test failure in the
current versions. As it is possible to see from the figure, the additional
technique is significantly better than the total strategy in all metrics. In
this pair, in fact, the problem with the failure-to-fault mapping are not
present, as the single failing test can be ascribed to a single fault. The raw
churn-based techniques are equivalent to each other and present higher
results on all metrics. When applying the QS, however, performances
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Figure 5.7. Experimental results on an example pair in the

AdamFisk@LittleProxy project. APFD values are depicted in the left plot,
while PFF (violet) and PLF (blue) results are shown in the right plot.

drastically worsen. This is due to the small number of test cases in the
current version, which significantly reduces the metrics for small delays
in the scheduling. In these approaches, indeed, the failing test case is
postponed by the re-arrangement in equivalence classes. Furthermore, in
this scenario it is possible to see that the test suite in its original order,
denoted with NOP in the figure, achieve high results by chance, as the only
failing test case is one of the first which is executed by the test runner.

The discussion on the proposed example can be applied to several other
scenarios in the ReCover dataset. Even if in many pairs of versions the
churn-based techniques tend to exhibit high fault detection values, in other
cases the performances are lesser than the test suite in its original or-
der. The highest confidence in results is related to scenarios with only
one failing test, which nullifies the approximation of the failures-to-faults
mapping. However, in these scenarios, all churn-based techniques perform
very similarly and the results might not be significant in telling which RTP
approach could perform better. On the other hand, more representative
scenarios with a higher number of faults suffer from the one-to-one map-
ping, increasing the inaccuracy on fault-detection performance due their
tendency to reward redundancy in permutations. In other terms, real-
world faults may produce more feigned results than synthetic faults, if no
further information on these faults is supplied.







Chapter

Conclusions and Future Works

Regression Test Prioritization is a widely spread practice to reduce
the cost of Regression Testing in software evolutionary scenarios, aiming
to re-arrange the order of execution of test cases in a permutation which
possibly maximizes the rate of fault-detection. RTP is an active topic
in software engineering, and several techniques are proposed to prioritize
test cases, and their fault-detection performances are assessed through
empirical evaluations. Although changes in the source code are one of the
principal causes of defects in the software, few studies in the RTP literature
consider the code churn to construct a permutation, and these studies
typically involve naive measures of the extent of changes. Furthermore, the
lack of commonly accepted datasets and procedures increases the efforts
of experimenting in the RTP field.

To address these limitations, the work presented in this thesis focused
on two main topics: understanding whether code churn information, along
with more refined tools for its evaluation, could benefit RTP activities;
and the collection of a dataset which can reduce researchers efforts to
experiment and compare different prioritization techniques in uncontrolled
environments, encouraging studies in the field.

To this end, I developed Genetic-Diff, a Genetic Algorithm-based RTP
technique which searches for a permutation maximizing the rate of coverage
of churned parts of source code, as software changes are typically ignored
by meta-heuristic approaches to RTP. The fault-detection performance of
Genetic-Diff has been empirically evaluated in controlled conditions, i.e.,
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on a dataset of well-known projects artificially seeded with synthetic faults.
The experimentation showed that Genetic-Diff achieved higher rates of
fault-detection with respect to several prioritization techniques commonly
employed as baselines in RTP studies. The obtained results suggest that
embedding code churn information in meta-heuristic frameworks can be
helpful to drive the searching process towards a permutation which can
more rapidly detect faults.

My research has been also focused in embedding more refined methods
to evaluate code-churn to devise novel RTP techniques. I thus designed
MTK, which is driven by the extent of changes by means of Tree Kernel
functions on the Abstract Syntax Tree representation of source code, and
MTK-QS, an extension of MTK which further re-arranges the test suite
with the goal of increasing the rate of code coverage. Both techniques have
been empirically evaluated in controlled conditions, in order to analyze
both their fault-detection performances and amount of testing resources
which could be saved. While MTK do not perform any better than the
considered baselines due to redundancy issues in its produced test case
scheduling, MTK-QS outperformed all other techniques in terms of fault-
detection metrics and showed a significant saving of testing resources. Only
in the experimentation of one project, La4J, MTK-QS does not produced
any benefits, depleting almost all testing resources only to produce the
permutation. This issue is due to the nature of the project itself, on
which the evaluation of the extent of changes through Tree Kernels has
been computationally expensive. This kind of projects is however atypical,
and in general MTK-QS produces permutations which can sensibly benefit
Regression Testing activities.

The empirical evaluations of Genetic-Diff and MTK-QS suggests the
importance of the code churn in the design of prioritization techniques.
Nonetheless, considering the extent of code churn alone could not suffice to
improve fault-detection performance, as results of MTK seems to indicate.
Indeed, including this information in a richer framework, as in Genetic-Diff
and MTK-QS, can help to derive a more meaningful permutation of the
test cases, increasing the effectiveness of RTP techniques toward higher
rates of fault-detection.

Moreover, this thesis presents ReCowver, a dataset of 114 software evolu-
tionary scenarios among 28 open-source Java projects including real-world
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faults. ReCover enriches two popular RTP datasets with various auxiliary
data, to be readily applicable to a more heterogeneous set of prioritiza-
tion approaches. The dataset helps in reducing the effort to manually
identify and collect software evolutionary scenarios to employ in RTP ex-
perimentation. An empirical evaluation has been performed on the Re-
Cover dataset, employing several RTP techniques, including variants of
the MTK approach. This evaluation showed some limitations in the appli-
cability of such techniques in uncontrolled conditions due the absence of
fault-localization information.

Future Works

Different lines of research can arise from topics discussed in this thesis,
both wertically, involving the further exploitation of different measures of
code churn evaluation, and horizontally, widening the design of churn-
based techniques in different application contexts, each with its specific
challenges.

Further Refining Techniques and Tools

In first place, Genetic-Diff considers changes only in a Boolean fashion
in its search for a permutation with high coverage rate of churned code.
On the other hand, MTK leverages TK functions to produce a refined
assessment of the code churn, highlighting source code changes which are
more likely to exhibit faults. Although its performance were inadequate in
the performed empirical evaluation, the diversification of coverage induced
by the application of QS significantly increased the fault-detection rate
of its permutations. A complementary GA-based approaches has been
outlined, combining the finer evaluation of changes produced by TK within
the search for high rate of coverage of churned code embedded in the
Genetic-Diff framework. This new technique aims to search a permutation
with the highest possible rate of coverage of structural changes, where each
change is weighted by the dissimilarity score found by TK. According
to preliminary experiments on a limited empirical setting, this combined
technique has produced promising results, and an experimentation on a
wider set of software evolutionary scenarios should be carried out in order
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to better generalize these results.

Concerning the TK-based techniques, MTK-QS produced high fault-
detection rates in its empirical evaluation. All the employed tree kernel
functions, i.e., STK, SSTK and PTK, search for common fragments in
the tree structures on which they are applied, ignoring the contribution
of fragments in which any pair of nodes is marked with different labels.
However, other TK functions available in literature allow the definition of
function which weights the extent of changes in labels. This function can be
tuned to produce positive contribution also if labels have changed, in order
to further highlight specific changes in the semantic of the respective source
code (for example, a while loop statement changed to a for loop should be
more semantically similar than its substitution with a if branch). Another
line to pursue could be the design of such a weighting function, either
manually or through machine learning frameworks, to further refine the
evaluation of extent of changes.

The results of different RTP techniques on ReCover gave rise to discus-
sions regarding the fact that knowing the precise location of faults could
provide a more accurate measure of fault-detection performance in em-
pirical evaluations. To this end, one of the envisioned enrichment of the
dataset involves the application of fault-localization techniques in collected
projects, to provide further details on the evolutionary scenarios within and
mitigate possible threats to validity of experiments on ReCover.

Exploring Different Contexts

Nowadays, different software architectural patterns have spread and
been employed according to particular business needs. One of the most
popular among these patterns is the Microservice architecture, a distributed
model in which the various components of a software are built and de-
ployed as different stand-alone applications, usually communicating each
other through the HTTP protocol. These environments set several chal-
lenges in testing activities, due to the distributed nature of applications. In
particular, the execution of the end-to-end tests supposes the instantiation
of all service, in order to exercise the interaction with the full system, and
the costs to set up the entire infrastructure can be high. To this end, RTP
activities can suitably be applied in these contexts to reduce the efforts of
the verification phase. I focused on RTP approaches in Microservice-based
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contexts during my period abroad at Technische Universitit Wien, where
I designed a churn-based prioritization technique tailored for microservice-
based applications, specifically prioritizing end-to-end tests according to
changes made to the application endpoints involved in their interactions.
The preliminary results of its evaluation on a set of toy projects commonly
employed in micro-service research have been promising, justifying a more
exhaustive study on real-world project to assess the performance.

Another profitable field of applications of churn-based RTP techniques
lays in Safety-Critical Systems. As a failure in these systems can produce
catastrophic outcomes, they are usually tested thoroughly through formal
verification methodologies. These methodologies derive a model to au-
tomatically generate the test cases, and then execute them to verify the
system. However, the process of generation and execution of test cases is
highly demanding, and in scenarios of system evolution could significantly
delay the deployment phase of the system. To this end, the extent of
changes can be employed to prioritize both processes, in order to confine
these costly operations only to more fault-prone changes. A sketch of this
idea has been published in one of my papers [9].
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