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ABSTRACT

TOWARDS MODEL-BASED REGRESSION TEST SELECTION

Modern software development processes often use UML models to plan and manage the evolu-
tion of software systems. Regression testing is important to ensure that the evolution or adaptation
did not break existing functionality. Regression testing can be expensive and is performed with
limited resources and under time constraints. Regression test selection (RTS) approaches are used
to reduce the cost. RTS is performed by analyzing the changes made to a system at the code or

model level.

Existing model-based RTS approaches that use UML models have some limitations. They do
not take into account the impact of changes to the inheritance hierarchy of the classes on test case
selection. They use behavioral models to perform impact analysis and obtain traceability links
between model elements and test cases. However, in practice, structural models such as class
diagrams are most commonly used for designing and maintaining applications. Behavioral models
are rarely used and even when they are used, they tend to be incomplete and lack fine-grained
details needed to obtain the traceability links, which limits the applicability of the existing UML-

based RTS approaches.

The goal of this dissertation is to address these limitations and improve the applicability of
model-based RTS in practice. To achieve this goal, we proposed a new model-based RTS approach
called FLiRTS 2. The development of FLiRTS 2 was driven by our experience accrued from two
model-based RTS approaches. The first approach is called MaRTS, which we proposed to incor-
porate the information related to inheritance hierarchy changes for test case selection. MaRTS is
based on UML class and activity diagrams that represent the fine-grained behaviors of a software
system and its test cases. The second approach is called FLiRTS, which we proposed to investigate

the use of fuzzy logic to enable RTS based on UML sequence and activity diagrams. The activity

il



diagrams lack fine-grained details needed to obtain the traceability links between models and test
cases. MaRTS exploits reverse engineering tools to generate complete, fine-grained diagrams from
source code. FLiRTS is based on refining a provided set of abstract activity diagrams to generate

fine-grained activity diagrams.

We learned from our experience with MaRTS that performing static analysis on class diagrams
enables the identification of test cases that are impacted by changes made to the inheritance hierar-
chy. Our experience with FLiRTS showed that fuzzy logic can be used to address the uncertainty
introduced in the traceability links because of the use of refinements of abstract models. However,
it became evident that the applicability of MaRTS and FLiRTS is limited because the process that
generates complete behavioral diagrams is expensive, does not scale up to real world projects, and
may not always be feasible due to the heterogeneity, complexity, and size of software applications.
Therefore, we proposed FLiRTS 2, which extends FLiRTS by dropping the need for using behav-
ioral diagrams and instead relying only on the presence of UML class diagrams. In the absence
of behavioral diagrams, fuzzy logic addresses the uncertainty in determining which classes and
relationships in the class diagram are actually exercised by the test cases. The generalization and
realization relationships in the class diagram are used to identify test cases that are impacted by

the changes made to the inheritance hierarchy.

We conducted a large evaluation of FLiRTS 2 and compared its safety, precision, reduction
in test suite size, and the fault detection ability of the reduced test suites with that of two code-
based RTS approaches that represent the state-of-art for dynamic and static RTS. The results of our
empirical studies showed that FLiRTS 2 achieved high safety and reduction in test suite size. The
fault detection ability of the reduced test suites was comparable to that achieved by the full test

suites. FLiRTS 2 is applicable to a wide range of systems of varying domains and sizes.
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Chapter 1

Introduction

Regression testing is the process of running the existing test cases on a new version of a system
to ensure that the performed modifications do not introduce new faults to previously tested code [2,
3]. Regression testing is one of the most expensive activities performed during the lifecycle of a
software system with some studies [4—6] estimating that it can take up to 80% of the testing budget
and up to 50% of the software maintenance cost. Regression test selection (RTS) approaches are
used to improve regression testing efficiency [3]. RTS is defined as the activity of selecting a subset
of test cases from an existing test set to verify that the affected functionality of a program is still

correct [3,7].

The RTS problem has been studied for over three decades [8,9]. RTS can be based on the
analysis of code-level or model-level changes of a software system. RTS approaches classify test
cases as retestable, reusable, or obsolete. Retestable test cases exercise the modified parts of the
system and need to be re-executed. Reusable test cases only exercise unmodified parts of the
system and do not need to be re-executed. Obsolete test cases are invalid and cannot be executed
on the modified version of the software because their input/output relation is no longer correct, or
they no longer test what they were designed to test [4]. An RTS approach is precise if the test cases
that are not affected by the changes are not selected, and safe if it guarantees the selection of all

the test cases that are affected by the changes.

Traditional code-based RTS approaches take four inputs: the two versions (new and old) of a
software system, the original test suite, and dependency information of the test cases on the old
version. The outputs are the sets of the retestable and reusable test cases [10]. Code-based RTS

assumes that obsolete test cases are already identified and eliminated from the test suite [9].

Existing model-based RTS approaches use behavioral diagrams [11-13] or a combination of

structural and behavioral diagrams [7, 14—16]. They also take four inputs: two versions (new and



old) of the models that represent the software system, the original test cases (model-level or code-
level test cases), and traceability links from test cases to the models representing the system under
test. The outputs are the sets of the retestable and reusable test cases. Some model-based RTS

approaches [7, 14] can also identify certain types of obsolete test cases.

1.1 Context

France and Rumpe [17] describe two broad types of models used in software development:
development models and runtime models. Development models provide abstractions above the
code level. Examples of development models are requirements, design, and implementation mod-
els [17]. Model-Driven Development [17,18] is concerned with creating such models to describe a
software system and systematically transforming these models to concrete implementations. These
models are also used to ease software maintenance and evolution. Dzidek et al. [19] showed
through empirical studies that using and updating UML documentation during the maintenance
and evolution of a software system increased the functional correctness and design quality of the

evolved system.

Several approaches exploit class diagrams during the maintenance phase to perform automatic
refactorings. Jensen et al. [20] propose REMODEL, which uses genetic programming to auto-
matically generate refactoring patterns and to apply them to the class diagram of the application
under maintenance. Moghadam et al. [21] automatically refactor the source code after design-level
changes. The changes in the class diagram are used to identify the structural differences in the ap-
plication design that are mapped to code-level refactorings and applied to the source code. The
systematic literature review of da Silva et al. [22] showed that the UML profile-based mechanism
is often used to customize a class diagram to properly support the design of context-awareness and

self-adaptiveness properties of self-adaptive systems [1,23-30].

Runtime models present aspects of an executing system at a high level of abstraction, and are

used to manage the complexity and to ease the planning process of runtime adaptation [17]. Most



existing model-based adaptation approaches are coarse-grained and focus on using models at run-
time to support self-adaptation in autonomous systems [31-36]. Adaptations in these approaches
are performed at the component level, and are limited to adding, removing, and reconnecting com-
ponents of the software system. On the other hand, fine-grained model-based adaptation uses
UML diagrams that provide fine-grained views of a system. The Fine Grained Adaptation (FIGA)
framework [37,38] uses structural and behavioral UML diagrams to support the planning of unan-
ticipated and fine-grained adaptations on running Java software systems. Vathsavayi et al. [39]
proposed an adaptation approach that supports changes made to UML class diagrams. The ap-
proach uses genetic algorithms to dynamically modify the class diagram in response to the chang-
ing environment; the design-level changes are then propagated to the code level using the Javaleon

platform [40].

Model-based RTS can be used within the development approaches that already apply model-
driven development, model-based evolution, and model-based runtime adaptations of software sys-
tems. In these contexts, the evolution or adaptation and test selection processes can be performed
at the same level of abstraction using information regarding model-level changes. Yoo et al. [9] ex-
pect that the use of model-based RTS will grow and have crucial importance in the future because
for large systems, model-based approaches can scale up better than code-based RTS approaches.
The effort required for regression testing can be estimated at an early phase, i.e., at design time,
and before propagating the changes to the code [7]. Regression test selection tools can be pro-
gramming language-independent, and they can be based on a standard and widely used modeling

notation such as UML [7].
1.2 Problem Description
The existing model-based RTS approaches suffer from the following limitations:

1. Lack of support for inheritance hierarchy changes. These approaches do not take into

account the changes to inherited and overridden operations along the inheritance hierarchy,



which can result in missing affected test cases that must be selected. Even a simple change,
such as deleting a generalization relationship between two classes, or adding an overriding
operation, can impact many classes along the inheritance hierarchy because they affect the

inherited and overridden operations.

. Incompleteness of behavioral models. These approaches require their models to be de-
tailed and complete, but in practice, behavioral diagrams tend to be incomplete [41, 42].
Lange et al. [42] analyzed UML models in three industrial projects. They found that more
than 50% of objects in sequence diagrams are not named, more than 40% of the operations
are not called in sequence diagrams, and more than 30% of the classes do not occur as ob-
jects in the sequence diagrams. In another study, Lange et al. [41] analyzed 14 industrial
UML models of different sizes from various organizations found that between 40% and 78%
of the operations represented in the class diagrams were not called in the sequence diagrams,
and between 35% and 61% of the classes represented in the class diagrams did not occur as
objects in the sequence diagrams. Moreover, models are generally created at a high level of
abstraction and lack low-level details, such as use- and call-dependencies, which are required
by the existing model-based RTS approaches to relate the existing test cases to the models
representing the system under test. Briand et al. [7] assumes that the traceability links from
test cases to model elements are provided, and requires that each use case is associated with
a sequence diagram, and that the sequence diagrams refer to each other using interaction
use (identified by the ref keyword). Ye et al. [11] requires each action node in the activity
diagram to represent some function call in the corresponding program. In these approaches,
the models simply provide a different representation of the code, and contain enough infor-
mation to obtain the coverage of test cases at the model level, but obtaining such models is
not always easy in practice [7]. This lack of traceability from requirements or design models

to test cases is a known issue in model-based RTS, and is likely to limit its role [9].

. Unavailabity of behavioral models in practice. The applicability of the approaches in

practice is limited because they need behavioral diagrams but these are available less of-



Table 1.1: UML Diagram Type Usage

. Surveys and Projects
UML diagram \—oon 7 146] [47] [48] [49] [50]
Class 3%  93% 99% 85% 61% 63% 100%
Activity 0% 60% 47% 56% 33% 54% 20%
Sequence 50% 89% 94% 35% 41% 54% 20%
State Machine 29% 63% 91% 22% 8% 27% 0%

ten than class diagrams. Researchers have studied the use of UML diagrams in real-world
software development through developer surveys [43—-49] and by evaluating open source
projects [50]. Table 1.1 summarizes the results of these studies. The values in the table were
calculated as the ratio of the number of survey respondents (or projects) that use a specific
diagram type to the total number of the respondents (or projects). The values in a column
do not add up to 100% because a respondent (or a project) may use multiple diagram types.
The behavioral diagrams are clearly used less often than class diagrams. The difference in
the usage frequency between the class diagram and the three diagram types that are used in
the existing model-based RTS approaches (activity, sequence, and state diagrams) is more
than 20% in 5 studies. In the other 3 studies, the difference ranges between 4% and 52%

depending on the diagram type.

There is a need to address these limitations and improve the applicability of model-based RTS
to model-based software development projects. Because the behavioral diagrams are used less

often than class diagrams, there is a need for an RTS approach that only uses class diagrams.

1.3 Approach and Contributions

In this dissertation, we propose a new model-based RTS approach called FLiRTS 2 that ad-
dresses the three limitations. The development of FLiRTS 2 is driven by our experience accrued

from two model-based RTS approaches called MaRTS and FLiRTS.



MaRTS is a Model-based Regression Test Selection approach that addresses the first limitation
regarding the inheritance hierarchy changes. MaRTS reverse engineers the source code to gener-
ate fine-grained activity diagrams. FLiRTS is a Fuzzy Logic-based Regression Test Selection
approach that refines the provided abstract activity diagrams to generate fine-grained activity di-
agrams. In both cases the fine-grained activity diagrams are used to obtain the traceability links
from the test cases to the model elements. MaRTS uses static analysis on class diagrams to enable
the identification of the test cases that are impacted by changes made to the inheritance hierarchy.
FLiRTS uses fuzzy logic to address the uncertainty introduced in the correctness of the traceability

links obtained using the generated refinements, which have varying probabilities of being correct.

However, it was evident that the applicability of model-based RTS is limited because the pro-
cess that generates fine-grained behavioral diagrams is expensive, does not scale to real world
projects, and may not always be feasible due to the heterogeneity, complexity, and size of software
applications. Therefore, we proposed FLiRTS 2, which extends FLiRTS by dropping the need for
behavioral diagrams instead and only using class diagrams, which is the most commonly provided
diagram type in practice as shown in Table 1.1. The class diagram represents the design of the sys-
tem under test and its test classes. Langer et al. [51] showed that class diagrams used in practice
contain classes and interfaces, operation signatures and return types, generalization and realization
relationships, and associations. FLiRTS 2 does not use the call usage dependency relationships
between classes because this relationship type is not commonly provided. The lack of behavioral
diagrams and call usage dependencies create uncertainty about which relationships and classes in
the class diagram are actually traversed by test cases during the execution. FLiRTS 2 addresses

this uncertainty by using fuzzy logic while classifying the test cases as reusable or retestable.

FLiRTS 2 addresses all the three limitations. It uses the generalization and realization relation-
ships in the class diagram to identify test cases that are impacted by the changes to the inheritance

hierarchy. It relies only on class diagrams to address the second and third limitations.

We developed a prototype tool for FLiRTS 2. The tool accepts UML class diagrams produced

using IBM Rational Software Architect [52] (file type is EMX) and Eclipse Modeling Frame-



work [53] (file type is UML). The tool also supports class diagrams that are customized using the
UML-profile mechanism for a particular domain. We conducted a large evaluation of FLiRTS 2 on
8060 revisions of 21 open source projects. We compared the safety and precision of FLiRTS 2 with
that of two code-based RTS approaches, Ekstazi [10] and STARTS [54], that represent the state-
of-art for dynamic and static RTS respectively. We also evaluated the reduction in the number of
test cases selected by FLiRTS 2, and used mutation testing to evaluate the fault detection ability of

the selected test cases.

The contributions of the dissertation are the FLiRTS 2 approach and its evaluation. To the best
of our knowledge, this is the largest evaluation of model-based RTS in terms of the number of used
subjects and their revisions, and the first evaluation that compares model-based and code-based

RTS approaches.

The rest of the dissertation is organized as follows. Chapter 2 describes related work on code-
based and model-based regression test selection approaches, and fuzzy logic-based test selection
and prioritization approaches. Chapter 3 provides background information on the FIGA framework
and fuzzy logic. Chapter 4 presents MaRTS and its evaluation. Chapter 5 describes FLiRTS and its
pilot case study. Chapter 6 presents FLiRTS 2 and its evaluation. The conclusions and directions

for future work are outlined in Chapter 7.



Chapter 2

Related Work

Regression test selection has been studied for over three decades [8,9]. This section discusses
related work for model-based and code-based RTS approaches including the approaches that use

fuzzy logic to select test cases.

In general, RTS approaches classify test cases into three categories (obsolete, retestable, and
reusable) defined by Leung and White [4]. Obsolete test cases are invalid and cannot be executed
on the modified version of the software because their input/output relation is no longer correct,
or they no longer test what they were designed to test [9]. Retestable test cases are still valid,
and exercise the modified parts of the software. These tests need to be re-executed for regression
testing to be safe. Reusable test cases only exercise unmodified parts of the program, and thus,

while they are still valid, they do not need to be re-executed to ensure safe regression testing.

A safe RTS technique must select all modification-traversing test cases for regression test-
ing [55]. A test case is considered to be modification-traversing for a program P if it executes
changed code in P, or if it formerly executed code that was deleted in P [9]. A safe RTS approach
is not considered to be safe from all possible faults because some program changes might cause
side effects on other unmodified parts of the program. An RTS approach is considered safe in the
sense that if there exists a test case that traverses modified code, then it will definitely be selected

for regression testing [9].

Rothermel and Harrold [55] identified two criteria to evaluate regression test selection ap-
proaches: inclusiveness and precision. We define these criteria here because we will use them to
evaluate our proposed RTS approach. Inclusiveness measures the extent to which an RTS approach
selects test cases that traverse modified code for regression testing. Suppose a test suite contains 7
test cases, such that /V test cases among 7" are modification-traversing for P and P’, and suppose

that the RTS approach selects M of these [V test cases for regression testing, then the inclusiveness



of the RTS approach with respect to P, P’, and T"is M/N [55]. The RTS approach is considered
to be safe if for all P, P/, and 7T, the inclusiveness of the RTS approach is 100%. For example, if
T 1s 50 and N is 40, and the RTS approach selects 30 of the 40 test cases, then the inclusiveness is

0.75 (=30/40).

Precision measures the extent to which an RTS approach omits test cases that are not modifica-
tion-traversing because they are also not fault-revealing test cases [55]. Suppose a test suite con-
tains 7' test cases, and K test cases among 7' are not modification-traversing for P and P’. If the
RTS approach omits O of these K test cases, then the precision of the RTS approach with respect
to P, P’, and T is O/K [55]. For example, if T"is 50 and K is 40, and the RTS approach omits 30

of the 40 test cases, then the precision is 0.75 (=30/40).

2.1 Model-based RTS approaches

Model-based RTS classifies test cases according to changes made to the models that represent
the system under test [7]. Most of the existing approaches [7, 11-16] are based on UML models,
and few approaches [56, 57] use other types of models. The UML model-based approaches use

activity, class, sequence, state chart, and use case diagrams.

Chen et al. [12] use UML activity models for specification-based RTS. An activity model
represents the requirements and specifications of a system. Changes to the specifications result in
modifications to the activity model, and these specification-based changes at the model level drive

the selection of test cases.

Briand et al. [7] present an RTS approach based on UML design models that include use case,
class, and sequence diagrams. This approach identifies changes in the three types of models and
the impact these changes have on the test cases. Functional testing is supported where each test
case triggers operations belonging to interface classes. Such operations are represented as use
cases in the use case model, and each use case is connected to sequence models that represent the

interaction scenarios of that use case.



Korel et al. [13] use control and data dependencies in an extended finite state machine to
identify the impact of model changes. Ural et al. [58], and Lity et al. [59] proposed model-based

RTS approaches based on state machine diagrams.

Farooq et al. [14] use UML class and state machine models. This approach identifies changes
in the class model and in the state diagrams, and uses the impacted and changed elements of the

state diagrams to classify test cases.

Zech et al. [15,16] present a generic model-based RTS platform, which is based on the model
versioning tool MoVE. The approach consists of three phases: change identification, impact anal-
ysis, and test case selection, which are controlled by OCL queries. This tool was demonstrated
on a small program as a proof of concept, and the results showed that the OCL queries for impact

analysis are complex even for simple rules.

Ye et al. [11] select test cases based on changes performed to UML activity diagrams. This
approach requires instrumenting the software system to record the execution traces of code-level
test cases, and requires each action node in the activity diagram to represent some function call in
the corresponding program. By building the correlations between the actions in the diagram and
functions in the program, this approach can obtain the corresponding path of each test case in the

activity diagram according to the execution trace of the test case.

Muccini et al. [56,57] use component-based models to represent the architecture of a system
and labeled transition systems (LTS) to represent the component behaviors. The LTS are combined

with the structural information to build graphs that are used to perform RTS.

In general, the use of model-based RTS techniques is growing, and will have crucial importance
in the future because (1) model-based approaches can be more efficient, and can scale up better
than code-based approaches for large software systems [7, 9], and (2) it is easier to analyze the
changes between different versions of models that represent a system at a high level of abstraction
compared to the changes between different code versions [7]. Regression test selection tools can

be programming language-independent and based on standard and widely used modeling notations
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such as UML [7]. For the approaches that already use models to apply evolution and runtime
adaptation, applying model-based RTS techniques is likely to be more convenient than applying
code-based RTS techniques as both the adaptation and RTS processes can be performed at the

same level of abstraction.

2.2 Code-based RTS approaches

Code-based RTS depends on (1) identifying changes made to the source code, (2) performing
static or dynamic dependency analysis to compute dependencies from test cases to the system
under test, and (3) selecting test cases that traverse modified code. Code changes can be identified
at different levels of granularity such as class, method, or statement. Similarly, dependencies can

be computed from test cases to classes, methods, or statements.

Engstrom et al. [8] categorize the code-based approaches into three major groups: firewall-
based group, graph-walk-based group, and dependency-based group. The last group can be con-
sidered to be a subgroup of the firewall-based group because firewall-based RTS is based on de-

pendencies between program entities such as classes.

Firewall approaches [9, 60, 61] are based on the concept of specifying a firewall around the
entities of the system that need to be retested. A firewall is a conceptual boundary that contains
the set of all modified and affected entities in a program. Kung et al. [60] apply RTS at the class
level. This approach constructs an object relation diagram (ORD) that describes static relationships
among classes. The approach reports the classes executed by each test case. The firewall of a class
C is defined as a set that contains C and all the classes that are dependent on C. When C is modified,
then all the test cases traversing any of the classes in its firewall are selected. Hsia et al. [62], and
White and Abdullah [63] apply firewall-based RTS at the class level. Jang et al. [61] apply firewall-
based RTS at the method level to C++ software. They identify firewalls around all the methods

affected by a change and select all the test cases exercising these methods for regression testing.
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Skoglund and Runeson [64] found in empirical studies that the class-level firewall RTS is not a
precise technique, i.e., it can select test cases that are not modification-traversing. They proposed
an improved approach over the class-level firewall approach by removing the class firewall and
using a change-based RTS approach that only selects those test cases that exercise the changed

classes instead of all the classes in the firewall.

Soetens et al. [65] proposed a firewall-based RTS approach based on the FAMIX model.
Changes made to Java software are identified as change objects in the FAMIX model. Changes
that can be identified in the model are additions, removals, and modifications of packages, classes,
methods, attributes, and method invocation statements. Dependencies between software entities
are defined in the model and these dependencies are exploited for test selection. Each identified
change is mapped to its set of relevant test cases based on the change dependence hierarchy defined
in the model. The model in this approach assumes that there is a one-to-one relationship between
a method invocation statement and the callee method. This approach cannot classify test cases that

traverse changed constructors.

Soetens et al. [66] extended their approach to support dynamic binding when performing test
selection. They extended the FAMIX model to include dependencies from a method invocation to
all the methods that this invocation can refer to. This technique to specify such dependencies is
static and is based on method names. For example, if the program contains a method invocation
obj.m(), then the model will have dependencies from this invocation to all the methods in the

program that carry the same name m.

Many graph-walk approaches address the problem of RTS. Rothermel and Harrold [67] propose
a safe approach for RTS for procedural programs. The algorithm uses control-flow graphs (CFG)
to represent each procedure in a program P and its modified version P’. Each node in a CFG
represents a simple or conditional statement, and each edge represents the flow of control between
statements. Entities affected by modifications are selected by traversing in parallel the CFGs of P

and P’, and when the target entities of like-labeled CFG edges in P and P’ differ, the edge 1s added
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to the set of affected entities. The graph-walk approaches are known to be safe when they apply

RTS at the edge level (i.e., select test cases that traverse affected edges in the graph).

Rothermel and Harrold extended the CFG-based algorithm for C++ using Inter-procedural
Control-Flow Graphs (ICFG) [68]. The analysis algorithm in this approach works only for com-
plete programs. When classes interact with other classes, the called classes must be fully analyzed.
The analysis algorithm cannot be applied to programs that call external libraries, unless the code

of the libraries is available.

Harrold et al. [69] extended the CFG approach for Java software using the Java Inter-class
Graph (JIG) as a representation that handles interprocedural interactions through calls to methods.
Each method call statement is represented as a call node in the JIG. A call edge connects each call
node to the entry node of the called method. If the call is virtual, the call node is connected to the
entry node of each method that can be bound to the call. For example, each edge from a call node
to the entry node of a method C.m is labeled with the type of the receiver that causes C.m to be
bound to the call. The class hierarchy analysis technique [70] is used to resolve all possible virtual
call bindings. This representation supports the identification of which method calls are affected by

comparing the JIGs constructed from the original and modified programs.

Vokolos and Frankl [71] consider RTS based on text differencing using the Unix diff com-
mand. The approach compares the original code version with the modified version to identify the

modified statements, and selects test cases that exercise code blocks containing these statements.

The current trend [10, 54, 72-75] is to focus on class-level RTS by (1) identifying changes
at the class level and (2) computing depedencies from test cases to the classes under test. This is
because class-level RTS can be more efficient than identifying changes and computing depedencies
at the method or statement level. RTS approaches [10,54,73] were recently proposed to make RTS
more cost-effective in modern software systems. In addition to supporting class-level RTS, these
approaches consider a test class as a test case, and thus, select test classes instead of test methods.

Gligoric et al. [10] proposed Ekstazi, an approach that tracks dynamic dependencies of test cases at
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the class level and selects test cases that traverse modified classes. Ekstazi is a safe RTS approach,

and its safety is based on the formally proven safety of the change-based RTS approach [64].

Legunsen et al. [54,72] proposed STARTS, which is a static RTS approach that is based on
the idea of the class-level firewall. STARTS builds a dependency graph of program types based
on compile-time information, and selects test cases that can reach changed types in the transitive

closure of the dependency graph.

Zhang [73] proposed HyRTS, which is a dynamic and hybrid approach that supports analyz-
ing the adapted classes at multiple granularity levels (i.e., method and file levels) to improve the

precision and selection time.

Yu et al. [74] stated that traditional RTS approaches that use fine-grained dependency anal-
ysis from test cases to statements, basic blocks, or methods, are difficult to apply in continuous
integration (CI) systems because they require significant analysis time and cannot handle rapid
changes in CI environments. The authors implemented two static RTS approaches at different
granularity levels and applied them within CI environments on 37 Java projects, and compared
their cost effectiveness to ReTestAll, i.e., executing all the test cases. The results showed that on
97.3% of the Java projects, the RTS approach that supports dependency analysis from test cases to
methods performed much more poorly than ReTestAll, and the RTS approach that supports depen-
dency analysis from test cases to classes saved more time than ReTestAll for more than half of the

projects.

Gyori et al. [75] compared different variants of dynamic and static class-level RTS with project-
level RTS in the Maven Central open source ecosystem. An ecosystem may contain a large number
interconnected projects, where client projects transitively depend on library projects. Project-level
RTS identifies changes at the project level and computes dependencies from test cases to projects.
When a library changes, then all test cases in the library and all test cases in all the library’s
transitive clients are selected. Class-level RTS identifies changes at the class level and computes
dependencies from test cases to the classes. The results showed that class-level RTS can be an

order of magnitude less costly than project-level RTS in terms of test suite reduction.

14



Other recent RTS approaches [76, 77] were proposed to address the scenario when the regres-
sion testing budget is limited, and the test suite reduction is more important than safety and fault

detection ability.

Romano et al. [76] proposed an RTS approach called SPIRITuS, which uses information re-
trieval to select test cases. The main design goals of SPIRITuS are to be easy to adapt to different
programming languages, and to be tunable via a threshold. SPIRITuS represents all the methods of
the classes under test as documents via the Vector Space Model (VSM). To decide if a method in an
adapted program must be retested or not, the lexical similarity between the method versions in the
original and adapted programs is computed using the cosine similarity measure. If the similarity
is below a given threshold, then all the test cases exercising the method are selected. SPIRITuS
was evaluated and compared with Ekstazi and a diff-based RTS technique in terms of reduction in
test suite size and fault detection ability. The diff-based technique selects the test cases that cover
changed methods, where differences are computed via the UNIX di f £ tool. The results showed
that SPIRITuS selects significantly fewer test cases than Ekstazi and the diff-based technique but

detects fewer faults than them.

Azizi et al. [77] eliminated the need for dynamic and static analysis. They proposed ReTEST,
a language-independent RTS approach that facilitates a lightweight analysis by using information
retrieval. ReTEST tokenizes the source code of the test cases to compute their diversity. ReTEST
selects test cases based on test failure history, test case diversity, and code change history at the

line level.

2.3 Fuzzy logic-based RTS approaches

There are model-based and code-based approaches that use fuzzy logic to select or prioritize
test cases. Regression test prioritization concerns the identification of the ideal ordering of test
cases that maximizes desirable properties, such as early fault detection [9]. Each approach treats

test case selection or prioritization as a decision-making problem, and uses a fuzzy logic system to
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select or prioritize test cases based on multiple inputs regarding the test cases and the system under

test, such as test coverage, failure history, and system change history.

Code-based Approches. Xu et al. [78] propose a code-based RTS approach that is based on
fuzzy expert systems to select test cases when source code and its change history are not available.
The fuzzy expert systems select relevant test cases by using fuzzy logic to correlate knowledge
represented by one or more of the following: customer profile, analysis of test case coverage and
results, system failure rate, and change in system architecture. This approach assumes that this
knowledge is available, and can be used to provide inputs to the fuzzy expert system. The output
of the fuzzy expert systems aid the system testers in their decision-making process to select the

most relevant test cases.

Malz et al. [79] propose a code-based approach that uses software agents and fuzzy logic for
prioritizing test cases to increase the test effectiveness and fault detection rate. The software agents
perform collaborative work on different priority values, where the final priority is determined based
on cooperation between the software agents. This approach assumes that the test coverage is

provided, and uses this information as one of the priority values to prioritize test cases.

Model-based Approches. To the best of our knowledge, there are no model-based approaches
that use fuzzy logic to perform RTS. The existing model-based approaches use fuzzy logic for test

case prioritization, and they only rely on behavioral diagrams.

Rapos et al. [80] propose a model-based approach that uses fuzzy logic to prioritize test cases
based on information available from the symbolic execution tree for a model. The inputs to the
fuzzy logic system are test suite size, symbolic execution tree size, and relative test case size. The
fuzzy logic system produces a single numerical output called priority for each test case. The test

cases are prioritized based on these outputs.

Rhmann ef al. [81] propose an approach that prioritizes test cases using fuzzy logic based on
changes performed to state machine diagram. A state machine diagram is used to represent the

behavior of the system. When the system is modified, the diagram is changed to represent the
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modified behavior of the system. Then, the state machine diagram is converted into a weighted
extended finite state machine, where weights are assigned to nodes and edges based on change
information and risk exposure analysis. Then, test paths are generated from the modified state
diagram. Finally, risk exposure and change information of each generated test path are calculated

and used as inputs to the fuzzy logic system to prioritize the test paths.
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Chapter 3

Background

In this chapter, we provide background information on the FIGA framework and fuzzy logic.
FiIGA supports model-based adaptations at runtime and MaRTS was developed to work within the
context of FIGA. Fuzzy logic was used in FLiRTS and FLiRTS 2 to address the uncertainty of test

coverage at the model level when classifying test cases.

3.1 FIGA Framework

Cazzola et al. [37,38] proposed a Fine-Grained Adaptation (FIGA) framework that supports
model-based adaptation of Java programs at runtime. FIGA is based on the idea that models can
be used to present abstractions of a software system that can be changed by a developer, and these
abstractions ease system adaptation by minimizing the interventions performed directly on the
code. FIGA uses class and activity models to describe the aspects of the runtime structure and
behavior that can be modified by a developer at runtime. Changes to the models are propagated to

changes in the running system.

FiGA uses (1) ReversesI [82], which is used to generate models from a running Java program,
and (2) JavAdaptor [83], which can update a Java program during its execution without stopping
it. Reversel is a tool that is based on @Java annotations [84]. @Java extends the Java annotation
framework with one that supports (1) custom types and runtime-bound values in annotations, and
(2) a finer-grained annotation model that allows annotations on blocks and expressions. FIGA does
not apply static analysis of the code to generate models. Instead, Reverse defines a set of @Java
annotations that can be used for generating models from running code. This allows Reversefl
to represent runtime information in the models, i.e., sequence and activity models. Developers

annotate a Java program with such annotations during development time. At runtime, these anno-
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Figure 3.1: Overview of the FIGA Approach.

tations drive the model extraction from the running Java program. Reversefl takes as input a set of

compiled classes and produces an IBM Rational Software Architect model file.

JavAdaptor works at a low level, requiring a compiled version of the class to be updated as an
input and a connection to the Java virtual machine in which the program is executing. Changes
to the Java source code drive the application update. The FIGA framework extends JavAdaptor
by using UML models instead of the source code to drive the updating process. As shown in
Fig. 3.1 the FIGA framework supports the adaptation of a running program through a repetitive

loop composed of five steps that can be used whenever the application needs to be updated.

1. Generating Models from the Source Code. Reverses [82] is used to generate the model
M consisting of class and activity models (CD and AD) from the running source code by
reverse engineering annotated source code (Sy). Each individual method is represented as

an activity model.

2. Adapting the Models. A developer changes the class and activity models to apply the
needed adaptation. Model changes are expressed as a sequence of elementary operations,

where applying an elementary operation to a model M~ produces a modified model version
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M. Fig. 3.1 shows the sequence of modified model versions, M}, MZ, ... M;. M is the last

modified version before changes are propagated from the model to the running application.

. Propagating changes to the source code. The changes performed to the diagrams are
mapped to corresponding code changes via the application of some predefined mapping
functions. An operation applied to a model M!™! to produce M¢ is mapped to a correspond-
ing code change that is applied to the corresponding source code Si! to produce S}. Fig. 3.1
shows the sequence of modified versions of the source code, S, Sg, 56“1, to get from
So to S;. Complete details of the adaptation semantics and the mapping functions are given
in Cazzola et al. [37,38]. Model changes are propagated to the code of the application only
when all required model changes are performed. The sequence of model changes is deter-
mined by model differencing between M, and M, and mapped into calls to code change

operators with the proper parameters.

. Updating the running application. In this step, JavAdaptor deploys the changes to the
running application without stopping it. The state of the updated running application is
preserved. Details on how JavAdaptor preserves a running program state can be found in

Pukall et al. [83].

The activity diagrams generated via Reversed during step (1) provide fine-grained descriptions

of method bodies, which makes them suitable for performing fine-grained adaptations of method

behaviors. Each method of a class is represented as an activity diagram where: (1) each activity

diagram has a single initial node and a single final node, and (2) there is no flow termination except

for the final node. The activity diagram elements that are supported in FIGA are action nodes, call

behavior nodes, decision and merge nodes, and initial and final nodes, and transition flows that are

used to connect these nodes [37, 38].

The activity diagrams generated using Reverse are detailed because they contain code state-

ments associated with their action nodes and transition flows. If Java statements are annotated

with the @CallAction annotation, then Reverses creates an action node and adds the Java
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statements to the code snippet of the action node. A Java conditional statement that is annotated
with the @Decision annotation is mapped to a decision node with outgoing transition flows. The
boolean expression of the conditional statement and the negation of the expression are represented
as code snippets of the outgoing transition flows. If developers think that visualizing branches of a
conditional statement in the model is not important, then they can annotate the statement with the
@CallAction. In this case, the entire conditional statement and its body are copied to a code
snippet of an action node. Additionally, Reversel maps method call statements that are annotated
with @CallBehavior to calls to activity diagrams representing the called methods, where the

call statement to an activity diagram is added to a code snippet of an action node [85].

The activity diagrams generated by Reversesl are compliant with the Rational Software Ar-
chitect (RSA) modeling tool [52]. These diagrams can be executed using the RSA simulation
toolkit9.0'. When the model execution flow reaches an action node, the code snippet associated
with the node is executed. When the model execution flow reaches a decision node, its outgoing

transition flows are evaluated and the flow that evaluates to True is executed.

3.2 Fuzzy Logic

Fuzzy logic is a many-valued logic in which the truth values are not limited to frue and false
but may range between completely true and completely false [86]. This type of logic provides
reasoning mechanisms to deal with uncertainty. We demonstrate the application of fuzzy logic to
address uncertainty using a restaurant tipping system that we adapted from [87]. This system is
controlled by fuzzy logic to model how to choose a tip at a restaurant based on the food quality
and provided service, rated between 0 and 10, where the tip value can be between 0% and 30% of

the total billing amount.

Fuzzy logic is commonly associated with reasoning using natural languages. For example, the

phrase "if the provided service is good then pay generous tip” contains uncertainty because the

Thttp://www-03.ibm.com/software/products/en/ratisoftarchsimutool
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meaning of "good service" and "generous tip" are unclear. Does "generous tip" mean a tip value
between 20% and 30% of the total billing amount? Does "good service" refer to a specific rating
value for service? These terms can be understood in different ways. Fuzzy logic is used to deal

with this type of reasoning.

A fuzzy logic system is a control system that is based on fuzzy logic, and in concept, is much
closer to reasoning using natural language than traditional control systems that are based on accu-
rate mathematical models to define the system responses to its inputs [88]. Fuzzy logic systems can
be used to address uncertainty in control systems that do not have accurate mathematical models.
A fuzzy logic system is based on dividing the input domain of a controlled system into pre-defined
categories in order to map inputs into each of these categories with a certain degree of truth, and
constructing linguistic rules that are applied to reason about the inputs and make decisions towards

an output [88].

The process for fuzzy logic systems consists of an input phase known as fuzzification, a pro-
cessing phase known as inference, and an output phase known as defuzzification [88, 89]. We

demonstrate the three phases of a fuzzy logic system using the restaurant tipping system example.

Fuzzification phase. The inputs to a fuzzy logic system are called input crisp variables, which
take discrete values called input crisp values. For example, in the restaurant tipping system that is
managed by fuzzy logic, an input crisp variable is the provided service, and an input crisp value
can be a rating value between 0 and 10. An input crisp variable is fuzzy and its input crisp values
can carry considerable amount of uncertainty. Therefore, the input domain of an input variable is
divided into pre-defined categories known as input fuzzy sets. These fuzzy sets can overlap. An
input value of the variable fits in each of these input fuzzy sets with a certain degree of truth, which
needs to be modeled. Modeling requires assigning each fuzzy set a membership function that
defines how each value within the input space of the fuzzy set is mapped to a membership value
between 0 and 1 [88,90]. The input crisp variables for the restaurant tipping system are q for food
quality and s for the provided service. As shown in Figs. 3.2a and 3.2b, the input domains of q and

s are divided into input fuzzy sets where the Low and Poor fuzzy sets have trapezoidal membership
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Figure 3.2: Input Fuzzy Sets.

functions and the other sets have triangular membership functions. One or more output variables
and their output fuzzy sets can also be defined for a fuzzy logic system. The output variable for the
tipping system is t (for tip). Fig. 3.3 shows the output fuzzy sets for t and the triangular membership
functions we defined for these sets. In general, the triangular and trapezoidal membership functions
are the most commonly used function types for fuzzy sets because they produce good results for
most of the domains [91,92]. There are other types of membership functions such as the gaussian

and sigmoidal functions.

The fuzzification step is needed to fuzzify the input crisp values of the input crisp variables. In
particular, this step maps each input crisp value to a set of input fuzzy values using the pre-defined
input fuzzy sets. Each input fuzzy value represents the membership degree of the input crisp value
in one of the input fuzzy sets [88, 89]. In the restaurant tipping example, suppose that the input
crisp value for q is 7. The membership value of 7 is zero in the Low set, 0.6 in the Medium set,
and 0.4 in the High set. Suppose that the input crisp value for s is 6. The membership value of 6 is
zero in the Poor set, 0.8 in the Average set, and 0.2 in the Good set. Step (1) of Fig. 3.4 shows the

fuzzification step for the input crisp values 7 and 6.

Inference phase. This phase determines the meaning of a set of input fuzzy values produced
in the fuzzification phase based on a pre-defined set of inference rules. These rules are needed to
model the relations between the inputs and outputs of a fuzzy logic system, enable reasoning about

the fuzzy inputs, and make decisions towards what action to take. The inference rules for a fuzzy
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Figure 3.4: Fuzzification, Inference, and Defuzzification.

logic system are specified in natural language in the form "if antecedent then consequent”, where

the antecedent can be any number of logical statements. The antecedent of a rule contains one or

more input crisp variables and their input fuzzy sets.

There are several methods to evaluate the inference rules and aggregate their results, such as

Mamdani [90, 93] and Sugeno [90]. In Mamdani, the output fuzzy sets with membership func-

tions are defined for the output variable of the fuzzy logic system, and these sets are used in the

consequents of the inference rules. The Sugeno method is similar to the Mamdani method. The

fuzzification of the input crisp values and the activation of the inference rules (step (1) and step

(2) of Fig. 3.4) are done in the same way. The primary difference is that in Sugeno there are no

output fuzzy sets defined for the output variable. Instead, the consequent of each inference rule is

a polynomial function that produces a single crisp output for the output variable.
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Mamdani is the most commonly used method in practice and in the literature [90] because it
is more intuitive, works better with human input, and is well-suited to handle fuzziness and data
uncertainty by using membership functions in the consequents of the inference rules [94,95]. The
main criticisms against the Sugeno method is that the expressiveness and interpretability properties
of the Mamdani method are lost because the consequents of the rules are not fuzzy sets [95].
The simplification of the consequents with polynomial functions can lead to loss of the linguistic
meaning of membership [94]. Therefore, we use the Mamdani method in the restaurant tipping
system. The output fuzzy sets Cheap and Generous are used in the consequents of the inference

rules. An example of an inference rule is:

ifqis Low Asis Poorthent is Cheap.

The antecedent of an inference rule can have multiple inputs in conjunctive canonical form
(connected by the A operator) or in disjunctive canonical form (connected by the v operator).

Table 3.1 summarizes all the inference rules that we defined for the system.

Each inference rule is evaluated as follows. First, the rule is activated by calculating the min-
imum of the fuzzy inputs of the input crisp values used in the rule if the rule’s antecedent is in
conjunctive canonical form, or by calculating the maximum of the fuzzy inputs if the rule’s an-
tecedent is in disjunctive canonical form. Second, the calculated minimum (or maximum) value
propagates to the output fuzzy set used in the rule by truncating its membership function [88,90].
For example, in Fig. 3.4, the input crisp values used in rule I are 7 and 6, and their fuzzy inputs
are 0.4 (phign(7)=0.4) and 0.2 (f46G004(6)=0.2), respectively. Rule I is activated by applying the
minimum operation between 0.4 and 0.2 and the result is 0.2 as shown in step (2) of Fig. 3.4.
Table 3.2 shows the results of activating each of the 9 rules of Table 3.1 using the minimum opera-
tion. Thereafter, the minimum value calculated in each rule propagates to the output fuzzy set (i.e.,
Cheap or Generous) used in the rule by truncating its respective membership function. The trun-
cated functions are shown in step (3) of Fig. 3.4 as the shaded areas of the membership functions

of Cheap and Generous.
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Table 3.1: Inference Rules

N Low Medium  High

Poor Cheap Cheap Cheap
Average | Cheap Cheap Cheap
Good Cheap  Generous  Generous

Table 3.2: Activation of Inference Rules

N Lo (D=0 prteium (=06 pupiign(T)=0.4

Poor(6)=0 0 0 0
HAverage (6)=0-8 0 0.6 0.4
HGood(6)=0.2 0 0.2 0.2

After the evaluation of all the inference rules, their outputs need to be combined [88,90]. The
process of obtaining the overall consequent from the individual consequents of multiple rules is
known as aggregation of rules [90]. The fuzzy union operator [90] (also called max operator) is
applied to the truncated membership functions of the rules to produce an aggregated membership
function. In the example, the union operator is applied to the truncated functions shown in step
(3) of Fig. 3.4 to produce the aggregated membership function shown in Step (4) of Fig. 3.4. This

aggregated function for t represents the final output of the inference phase.

Defuzzification phase. This phase is needed to reduce the aggregated membership function
produced by the inference process into a single output crisp value to derive a final decision for
the fuzzy logic system [88, 89]. There are multiple defuzzification methods such as the centroid,
rightmost-max, and leftmost-max [90]. The centroid method [87,90] (also called the center of grav-
ity method) is the most commonly used defuzzification method [90]. It finds the output crisp point
2 where a vertical line from x would slice the fuzzy set covered by the aggregated membership
function into two equal masses. In the example, the centroid method is used with the aggregated
membership function of t to find the output crisp value. The defuzzification process returns 11.9
as the output crisp value for the t variable as shown in Step (4) of Fig. 3.4. We also applied the
other defuzzification methods, and the produced outputs were 12.0 for rightmost-max, and 0 for
leftmost-max. These two methods find the left most and right most output crisp points that have the

highest membership values in the aggregated membership function. Unlike the centroid method,
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leftmost-max and rightmost-max do not consider the whole area of the fuzzy set covered by the
aggregated membership function. Therefore, these two methods can output extreme values such as
the value O produced by the leftmost-max in this example. The output values 11.9 and 12 are more

reasonable than the output value 0 because the inputs for q and s are higher than 5 out of 10.

The output crisp value can be interpreted by mapping it through the membership functions of
the Cheap and Generous fuzzy sets to probabilities for being cheap and generous. The membership
value of 11.9 is 0.40 in the Generous set and 0.60 in the Cheap set. If a membership value exceeds
a predefined threshold, then the output set that produced the value becomes the final decision of
the fuzzy logic system. In the tipping example, if we define 50% as the threshold, then the final
decision of the fuzzy logic system is that the tip is cheap because the membership value of 11.9 in

the Cheap set exceeded the threshold.
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Chapter 4

Model-based RTS Using UML Class and Activity
Diagrams

This chapter presents MaRTS [96], a Model-based Regression Test Selection approach. We
proposed MaRTS to address the first limitation described in Section 1.2 of Chapter 1. The existing
model-based RTS approaches [7,11,14-16] do not support the identification of changes to inherited
and overridden operations along the inheritance hierarchy, which can result in missing relevant test

cases that must be selected for regression testing.

MaRTS uses class and activity diagrams to represent fine-grained behaviors of a software sys-
tem and its test cases. Each activity diagram describes the details of an operation’s implementation.
MaRTS is based on static analysis of the class diagram to identify the changes to inherited and
overridden operations along the inheritance hierarchy, and dynamic analysis of the test coverage
information that is obtained by executing the models representing the test cases with the models
representing the system under test. The test cases are classified as obsolete, reusable, or retestable.

MaRTS can support both unit and functional test cases.

4.1 Proposed Approach

We developed MaRTS within the context of FIGA [37, 38] that is based on Reverse [82] to
generate UML models from a running Java software system. MaRTS exploits Reversel to generate
UML class and activity diagrams from the source code of the system under test and its test cases.
Each method of a class is represented as an activity diagram. MaRTS uses the following five steps

that are automated:

1. Extract the operations-table from the original class diagram (Section 4.1.1).
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2. Calculate the traceability matrix (Section 4.1.2).

3. Identify model changes (Section 4.1.3).

4. Extract the operations-table from the adapted class diagram (Section 4.1.4).

5. Classify test cases (Section 4.1.5).
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Figure 4.1: Chess Class Diagram Before Refactoring.
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4.1.1 Extraction of the Operations-Table from the Original Class Diagram

An operations-table stores for each class the operations that can be invoked on an object of

that class type. In this step, the operations-table is extracted from the original class diagram. This

table will be used in a later step along with the operations-table generated from the new class
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Table 4.1: Operations-table for the Pawn and Knight Classes Shown in Fig. 4.1

Classes Operations
Declaring Class Operation Name Parameters types Return Type
Pawn onePossibleMove int, int String
Pawn toString None String
Pawn getColor None Color
Pawn getColumn None int

Pawn Pawn getPosition None String
Pawn getRow None int
Pawn setColumn int void
Pawn setPosition String void
Pawn setRow int void
Pawn legalMoves None ArrayList<String>
Knight onePossibleMove int, int String
Knight toString None String
Knight getColor None Color
Knight getColumn None int

Knight Knight getPosition None String
Knight getRow None int
Knight setColumn int void
Knight setPosition String void
Knight setRow int void
Knight legalMoves None ArrayList<String>

diagram to determine which operations are inherited or overridden in each class. Fig. 4.1 shows a

class diagram for a chess program, which is used as our running example in this chapter. Table 4.1

shows part of the operations-table with the entries for the Pawn and Knight classes from Fig. 4.1.

The first column of Table 4.1 shows the class names. For each operation that can be called on

an instance of a class listed in column 1, columns 2, 3, 4, and 5 store the operation’s declaring

class, name, formal parameter types, and return type respectively. Columns 3, 4, and 5 constitute

the signature of the operation. For each class in the first column of the table, the name of its

superclass 1s also stored. This is not shown in Table 4.1 because the Pawn and Knight classes

only implicitly inherit from Ob ject.
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MaRTS does not store interface operations when populating the operations-table. This infor-
mation is not needed for RTS because a change to an interface operation is realized by a change to
the class that implements it, and changes to class operations are captured in the operations-table.
Interfaces can still be used as types in the operations-table, i.e., return types and parameter types

of operations.

4.1.2 Traceability Matrix Calculation

As explained in Section 3.1 of Chapter 3, the activity diagrams generated in FIGA are detailed
and can be executed using the RSA simulation toolkit9.0. We implemented a component for
RSA that can collect coverage information for test cases at the model level. This component is
applied after the models are obtained from the program via Reversefl and before these models
are adapted. The RSA model simulation tool generates an executable representation of the UML
models obtained via Reversefl. The component is used to instrument this executable representation
with statements that write the coverage of test cases at the model level to a file during model

execution.

The activity diagrams representing the test cases are executed with the activity diagrams rep-
resenting the program methods. During model execution, three types of information are collected
for each test case: (1) which activity diagrams are executed by the test case, (2) what is the receiver
object type for each executed activity diagram, and (3) which flows in each activity diagram are
executed. This information is used to obtain the traceability matrix at the transition flow level,
henceforth called the flow-level traceability matrix. This matrix can also be used to obtain the
activity-level traceability matrix by omitting information about the traversed transition flows to
only record which activity diagrams representing program methods are traversed by exercising test

cases.

Table 4.2 shows a portion of a flow-level traceability matrix for testGetColumn test case
shown in Listing 1. For the sake of simplicity, we omitted the information related to the re-

ceiver types. We show the traversed transition flows as a source-destination node pair. The
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Table 4.2: Portion of a Flow-level Traceability Matrix

Activity diagrams

|

Transition flows

testGetColumn

ChessBoard_initialize

Start node — Receive args)

Receive args — Initialize chess pieces)

Initialize chess pieces — End node)

Pawn_getColumn

Receive args — Return column field)

(
(
(
(Start node — Receive args)
(
(

Return column field — End node)

testGetColumn test case traverses the flows of the ChessBoard_initialize and Pawng-

et Column activity diagrams; in the third column of the table, an ’ x’ denotes that the transition

flow in that row was traversed by the test case.

class Test {
public void testGetColumn() {

ChessBoard board = new ChessBoard();
board.initialize();

ChessPiece piece=board.getPiece ("d7");
assertEquals (piece.getColumn (), 3);

Listing 1: Chess Program Test Case.

4.1.3 Model Change Identification

The UML diagrams generated by Reversef are compliant with the RSA modeling tool, which

MaRTS uses to identify the model changes that occur when developers modify the class and activ-

ity diagrams. This tool identifies the changed model elements and how they are changed. The list

of differences is saved in a text file and used as input to classify the test cases. The class diagram

changes that can be identified by the RSA model comparison feature are:

= Addition, deletion, and modification of class attributes and operations.

= Addition, deletion, and modification of classes and relations between classes.

The activity diagram changes that can be identified by the RSA model comparison tool are:
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= Addition and deletion of action nodes, call behavior action nodes, decision and merge nodes,

and start and end nodes.

= Modification of action nodes based on changes to code stored in a code snippet associated

with an action node.

» Addition and deletion of transition flows.

= Modification of a boolean expression associated with a transition flow.

= Addition, deletion, and modification of attributes of an activity diagram.

= Addition, deletion, and modification of an activity diagram.
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@. «Override» toString ()
@. «Override» legalMoves ()

—>

«Java Class»
(2 ChessPiece
< board : ChessBoard
© row:int
@ column :int
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@ getRow ()
@ getColumn ()
@ setRow ()
@ setColumn ()
@ getColor ()
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@ setPosition ()
@ onePossibleMove ()
& toString ()
& legalMoves ()

«Java Class»
(2} ChessBoard
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@ initialize ()
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& Pawn (& Knight
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@. «Override» toString ()

& Pawn ()
@. «Override» toString ()
@. «Override» legalMoves ()

@. «Override» legalMoves ()

«Java Class»
@ King

& King ()
@. «Override» toString ()
@. «Override» legalMoves ()

|
«Java Class»
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@. «Override» toString ()
@. «Override» legalMoves ()

Figure 4.2: Class Diagram After Refactoring.

«Java Class»
& Rook

& Rook ()
@. «Override» toString ()
@. «Override» legalMoves ()

4.1.4 Extraction of the Operations-Table from the Adapted Class Diagram

During the adaptation process of the class diagram, the operations declared and inherited in

each class might change, which results in a change in the operations-table. Thus, once the devel-
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Table 4.3: Operations-table for the Modified Pawn and Knight Classes

Operations

Classes p
Declaring Class Operation Name Parameters types Return Type
ChessPiece onePossibleMove int, int String
Pawn toString None String
ChessPiece getColor None Color
ChessPiece getColumn None int

P ) . . .

awn ChessPiece getPosition None String

extends

ChessPiece| ChessPiece getRow None int
ChessPiece setColumn int void
ChessPiece setPosition String void
ChessPiece setRow int void
Pawn legalMoves None ArrayList<String>
ChessPiece onePossibleMove int,int String
Knight toString None String
ChessPiece getColor None Color
ChessPiece getColumn None int

Knight : L .
ChessPiece getPosition None String

extends - .

ChessPiece ChessPiece getRow None int
ChessPiece setColumn int void
ChessPiece setPosition String void
ChessPiece setRow int void
Knight legalMoves None ArrayList<String>

opers have fully adapted the class and the activity diagrams, the operations-table is again extracted

from the adapted class diagram.

In the original class diagram shown in Fig. 4.1, each of the methods getRow (), getColumn—

(), setRow (), setColumn (), getColor (), getPosition (), setPosition (), and

onePossibleMove () that are declared in the ChessPiece interface have a copy of the same
implementation in all the implementing classes. Suppose that the chess program is refactored to
reduce the code duplication. The interface is converted to an abstract class ChessPiece. The
classes Pawn, Knight, King, Queen, Rook, and Bishop now extend ChessPiece instead
of implementing it. According to Fowler’s refactoring catalog [97], the redundant methods are
pulled up from the subclasses to the ChessPiece class. The realization relation is replaced with

a generalization relation. We adapted the class and activity diagrams to apply this refactoring. Six
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generalization relations were added from the subclasses to the superclass ChessPiece,
and six realization relations were deleted. The existing 48 operations were deleted from the
subclasses, and eight operations were added to the ChessPiece class. The newly added eight
operations were inherited by all of the subclasses. Fig. 4.2 shows a portion of the refactored classes

for the chess program.

Table 4.3 shows the operations-table for the Pawn and Knight classes after the chess program

is refactored. Now the Pawn and Knight classes extend the ChessPiece class.

4.1.5 Test Case Classification

Algorithm 1 adopts a greedy approach to accomplish the task. At first, all the test cases are
considered to be reusable, i.e., they belong to the set of reusable test cases. The algorithm iterates
through the test cases affected by the model changes. Then it compares the operations-tables
extracted from the class model before and after the change to determine which operations have
been changed—including if they have been moved along the inheritance hierarchy. The activity-
level traceability matrix is used to determine which test case is affected by those changes. The

following rules are applied by Algorithm 1 (lines 3-12):

1. When an operation op
(a) initially inherited by a class C is now overridden by C or one of its ancestors, or
(b) initially declared by a class C is now moved to one of the ancestors of C, or
(c) initially declared or inherited by a class C is now neither declared nor inherited by C
Action: move any test case that traverses op on a receiver of type C from the set of reusable
test cases to the set of retestable ones. Algorithm 1 calls Algorithm 2 (findRetestableTe-
sts) in line 6 to perform this action.
2. When an operation op initially declared or inherited by a class C is now neither declared nor
inherited by C
Action: move any test case that directly calls op on a receiver of type C is moved from the

set of reusable test cases to the set of obsolete ones.
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Algorithm 1: classifyTestCases(T", OT', OT", T' My, T M,, M D, AM)

Input:
T': Set of initial test cases.
OT': Operations-table extracted from the original class diagram.
OT': Operations-table extracted from the adapted class diagram.
T My: Flow-level traceability matrix.
T M,: Activity-level traceability matrix.
M D: Model differences generated by RSA.
AM: Set of all activity diagrams representing the original system.
Output:
T.: Set of retestable test cases.
T,: Set of obsolete test cases.
T, Set of reusable test cases.
T.=T,=2
T.=T
for each operation op € OT do
/+ Each operation op has the following attributes in the

W N =

the declaring class of the operation (dc can be ¢ or any

type of the operation.

operation table: <c, dc, sig, rt>, where ¢ is a class in OT
that has op (i.e., op is inherited or declared in ¢), dc is

ancestor of ¢), sig is the signature, and rt is the return

4 if OT’ contains an operation op’ where op’.c = op.c AND op'.sig = op.sig AND op'.rt = op.rt

then
5 if op’.dc + op.dc then
6 findRetestableTests (I'M,, T,, T,, T,, c, op);
7 end
8 else
9 findObsoleteTests (IT'M,, T., T,, Ty, c, op);
10 findRetestableTests (IT'M,, T., T,, T,, c, op);
11 end
12 end
13 for each change chin MD do
14 if ch involves deletion/modification of a transition flow tflow in an activity diagram act then
15 ‘ findRetestableTestsTrans (I'My, 1., 1,, T,, tflow, act);
16 end
17 if ch involves deletion/modification of a node n in an activity diagram act then
18 ‘ findRetestableTestsNodes (I'My, T., T,, Ty, n, act);
19 end
20 if ch involves deletion/modification of a constructor c in a class then
21 ‘ findRetestableTestsConstructors (I'M,, T,, T,, Tu, c);
22 end
23 if ch involves deletion/modification of a field fin a class then
24 ‘ findRetestableTestsFields (IT'M,, 1., T,, T,, AM, f);
25 end
26 end

27 return 1., T,, T,;
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Algorithm 2: findRetestableTests(1'M,, T, T,, T,, C, OP)

o X N AN R WN

=
(=]

Input:
T M,: Activity-level traceability matrix.
T.: Set of retestable test cases.
T,: Set of obsolete test cases.
T, Set of reusable test cases.
C: A class name.
OP: An operation.
Output:
T.: Set of retestable test cases.
T,: Set of obsolete test cases.
T..: Set of reusable test cases.
for each test case tc € T M, do
/* The traceability matrix TM, provides information about (1)
the set T, that contains the activity diagrams traversed by tc
along with their receiver types, and (2) the set T, that
contains the activity diagrams that are directly called by tc
along with their receiver types */
if tc € T}, then
if tc.T..contains (OP) such that OP is called on a receiver of type rc then
if rc = C then
remove tc from Ty,
add tc to T,
end
end

end
end
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Once Algorithm 1 completes iterating over all the modified operations, the test cases that are
still in the set of reusable test cases are classified by using model differencing. The activity- and
flow-level traceability matrices are used to detect which of these test cases are traversing (i) a
deleted or modified transition flow, (ii) a transition flow ending in a deleted or modified node,
(ii1) a deleted or modified constructor and (iv) a usage of a field that has been deleted or modified.
They are all moved to the set of the retestable test cases (lines 14-27 in Algorithm 1 deal with these

cases).

Let us show how the testGetColumn () test case shown in Listing 1 is classified by Algo-
rithm 1 after the chess system is adapted. Tables 4.1 and 4.3 show the operations-table before and
after the adaptation respectively. In Table 4.1, the Pawn class contains Pawn.getColumn ()
that was moved to the ChessPiece class during the adaptation process. This is evident from
Table 4.3 where the entry for getColumn () in Pawn reports ChessPiece as the declaring
class. According to the second case of the first rule reported above, the testGetColumn () test

case is classified as retestable.

4.2 Evaluation

The goals of the evaluation were to (1) demonstrate that MaRTS is at least as inclusive and
precise as some code-based RTS approaches that support changes to the inheritance hierarchy, and
(2) evaluate the fault detection ability of the reduced test set with the fault detection ability of the
full test set. The Inclusiveness and precision are defined in Chapter 2. The empirical study is

driven by the following Research Questions (RQ):

RQ1: Does MaRTS have lower inclusiveness and precision compared to the inclusiveness and pre-

cision of the code-based RTS approaches that consider changes to the inheritance hierarchy?

RQ2: What is the difference between the fault detection ability of the reduced test set achieved by

MaRTS and the fault detection ability of the full test set?
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We compared the results from running MaRTS and two code-based RTS approaches DejaVu?
and ChEOPSJ? on four subject programs. DejaVu is an implementation of the approach proposed
by Harrold et al. [69] while ChEOPS]J is an implementation of the approach proposed by Soetens
et al. [66]. Both tools support RTS for Java programs. We selected DejaVu because it is safe and
precise, and because it detects fine-grained changes at the statement level. We selected ChEOPSJ
because it detects fine-grained changes to method invocations. Both detect changes to the inher-
itance hierarchy. We did not compare MaRTS with Ekstazi [10] and STARTS [54] because they

detect changes at the class level and perform class-level dependency analysis.

We did not compare MaRTS with the existing model-based RTS approaches because they lack
tool support (or tools are unavailable), and they do not consider the impact of changes to the
inheritance hierarchy at the model level. Therefore, it is more relevant to demonstrate that MaRTS

provides results comparable to those provided by the code-based approaches.

4.2.1 Experimental Setup

MaRTS does not support the following features of Java due to limitations in the underlying tools
used to reverse engineer and execute the models: multithreaded programming, generic types, and
new features introduced in Java versions 8-11. Therefore, we did not evaluate MaRTS using subject
programs that use these features. We used four subject programs: (1) graph package of the Java
Universal Network/Graph Framework (JUNG)*, (2) Siena’, (3) chess program used as a motivating
example in this paper, and (4) XML-security®. These programs were implemented using Java 6 and
7. They use classes, interfaces, ext ends relations between classes, ext ends relations between

interfaces, and implements relations between classes and interfaces. These subjects do not use

Zhttp://sofya.unl.edu/doc/manual/user/apps-dejavu.html
3http://win.ua.ac.be/~gsoeten/other/cheopsj/
“http://jung.sourceforge.net/download.html
Shttp://sir.unl.edu/portal/bios/siena.php

®http://sir.unl.edu/portal/bios/xml-security.php
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Table 4.4: Original Programs

Software System Version | Num. classes | Num. interfaces | Num. extends relations | Num. implements relations | Num. methods | LOC
JUNG 1.3.0 13 12 12 11 146 | 3655
Siena 1.8 9 0 0 0 95 | 1605
Chess 0 7 1 0 6 65| 1074
XML-security 2 173 6 131 30 1172 | 16800

generic types, and do not use multithreaded programming. We used EvoSuite [98] in its default
setting to generate JUnit test cases for each subject program. The reason for using EvoSuite is that
it targets both the coverage and mutation score, i.e., generating test cases with high coverage and

mutation score.

Multiple versions of the JUNG graph package are available. We selected versions 1.3.0 and
1.4.0 because the adaptation from version 1.3.0 to 1.4.0 involves changes to the inheritance hierar-
chy. Table 4.4 summarizes the data about version 1.3.0. We used EvoSuite to generate JUnit test
cases for each class in version 1.3.0. A total of 188 test cases were generated in 60 seconds that
exercised 81% of the statements in version 1.3.0. We extracted class and activity diagrams from

version 1.3.0 and its generated test cases.

Siena is an Internet-scale event notification middleware implemented in Java. Siena is logically
divided into a set of six components consisting of nine classes. We obtained the source code for
versions 1.8, 1.12, and 1.14, where each version consists of nine classes. Table 4.4 summarizes the
data about version 1.8. We used EvoSuite to generate JUnit test cases for each class of version 1.8.
The tool generated 107 JUnit test cases that exercise 89% of the statements. We extracted class

and activity diagrams from version 1.8 and its generated test cases.

The chess program was presented in Section 4.1.1. We used EvoSuite to generate JUnit test
cases for each class of the program, and 130 test cases that exercise 96% of the statements were
generated. We created class and activity diagrams for the original version of the chess program

and its test cases.

XML-security is a component library implementing XML signature and encryption standards.

We selected versions v2 and v3 because the adaptation from version v2 to v3 involves a large set
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of changes to classes, interfaces, realization and generalization relations, and operations. Table 4.4
summarizes the data about version v2. XML-security v2 comes with a JUnit test suite that consists
of 94 test cases, which exercise 31% of the statements in v2. We used EvoSuite to generate
JUnit test cases for all the classes in v2. The generated test cases did not improve the coverage
of the existing test suite. Therefore, we excluded the generated test cases from this study, and
only considered the existing test cases that come with the application. We did not manually create
new test cases to improve the coverage because we are not domain experts in XML-security. We

extracted class and activity diagrams from version v2 and its test cases.

4.2.1.1 Adaptations at the Model Level

For each subject program, we manually adapted the class and activity diagrams from one ver-
sion to the following version in a systematic way. First, the code differences between the two
versions were identified. Second, these code differences were applied at the model level. If an
extends relation is added/deleted between two classes at the code level, then a generalizati-
on relation is added/deleted between the two classes the model level. If an implement s relation
is added/deleted between a class and an interface at the code level, then a realization rela-
tion is added/deleted between the class and the interface the model level. If a class/interface is
added/deleted at the code level, then a corresponding class/interface is added/deleted at the model
level. If a class attribute is added/deleted at the code level, then the attribute is added/deleted in the
corresponding class at the model level. If a method i1s added/deleted at the code level, then a cor-
responding operation is added/deleted at the model level. If new statements are added to a method
implementation at the code level, then the activity diagram representing the method is modified by
adding these new statements to the code snippet of the corresponding action node in the activity

diagram. The deletion of statements from a method is treated in the same way.

JUNG. Table 4.5 summarizes the data about the adaptation from version 1.3.0 to 1.4.0. The
adaptation involved changes to the inheritance hierarchy. Four generalization relations were modi-

fied in version 1.4.0. For example, class SparseVertex thatextended Abstract SparseVer—
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Table 4.5: Adaptations Performed on Models

Software system Evolution Changes

classes & interfaces generalizations realizations operations
JUNG 1.3.0-1.4.0 5 7 2 79
Siena 1.8 = 1.12 0 0 0 9
Siena 1.8 - 1.14 0 0 0 11
Chess 0—-1 1 6 6 56
XML-security 23 52 37 2 311

tex in version 1.3.0 was modified to extend SimpleSparseVertex in version 1.4.0. Similarly,
class UndirectedSparseGraph that extended Abstract SparseGraph was modified to
extend SparseGraph in version 1.4.0. Three new generalization relations were added during the
adaptation process. For example, a new class SparseGraph was added. A new generalization
relation was added from this new class to the existing class AbstractSparseGraph. Addi-
tionally, operations were moved between classes along the inheritance hierarchy, i.e., operations
deleted from a subclass and added to its super class. For example, 19 operations were moved from
SparseVertex class to its superclass SimpleSparseVertex, and 7 operations were moved
from AbstractSparseGraph class to its super class. These 19 and 7 operations are still in-
herited by the SparseVertex and AbstractSparseGraph classes, respectively. All these

operations were counted among the 79 modified operations shown in Table 4.5.

Siena. We adapted the models of Siena from version 1.8 to 1.12, and from version 1.8 to
1.14. Version 1.8 is the first version for both the adaptations. The reason for considering these
adaptations is that moving to any other version does not result in reducing the number of selected
test cases. Table 4.5 summarizes the data for the adaptations. These two adaptations do not involve
changes to the inheritance hierarchy, such as adding or deleting generalization relations. They only
involve method-level changes. The added/deleted/modified operations in these adaptations are not

inherited/overridden along the inheritance hierarchy.

Chess. Table 4.5 summarizes the data about the adaptation. Forty eight operations were

deleted from the subclasses that extend the ChessPiece class, and 8 operations were added

42



Table 4.6: Number of Test Cases Selected by the RTS Approaches

Software system Evolution Num. Test Cases Retestable Test Cases
DejaVu ChEOPSJ MaRTS
JUNG 1.3.0 - 1.4.0 188 188 178 188
Siena 1.8 > 1.12 107 26 54 26
Siena 1.8 —>1.14 107 36 59 36
Chess 0—>1 130 130 126 130
XML-security 23 94 94 N/A 84

to the ChessPiece class. This adaptation involves changes to the inheritance hierarchy. Six
generalization relations were added from the subclasses to the superclass ChessPiece, and six
realization relations were deleted. The 8 newly added operations are inherited by all of the sub-

classes.

XML-security. We adapted the class and activity diagrams of XML-security from version
2 to 3. This adaptation involved these changes: 44 classes deleted, 2 classes added, 2 interfaces
deleted, 5 interfaces added, 35 generalization relations deleted, 2 generalization relations added, 2

realization relations added, and 287 operations deleted, and 24 operations added.

After the model-level adaptation process was completed, we applied MaRTS to classify test

cases. We also applied DejaVu and ChEOPS]J at the code level for each subject.

4.2.2 RQ1: Inclusiveness and Precision

Table 4.6 shows the results of running the three RTS approaches.

JUNG. MaRTS classified all the 188 test cases as retestable. The reason is that most of these
test cases traverse the 19 operations that were moved along the inheritance hierarchy. The rest of
these test cases traverse modified constructors and/or the modified activity diagrams representing
the operations AbstractSparceGraph.addVertex () and AbstractSparceGraph. -
addEdge (). MaRTS did not classify any test case as obsolete because the adaptation did not

involve deleting operations that are directly called from test cases. DejaVu also classified all the
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test cases as retestable for the same reason. ChEOPS]J selected 178 test cases out of 188. It missed
ten test cases that traverse modified code. The reason for missing these test cases is that below the
method level, ChEOPSJ only records changes on method invocations, but not on local variables
and other types of statements. ChEOPSJ does not support identifying changes to constructors [66].
MaRTS was able to select these ten test cases as retestable because it can identify any change to
a method implementation in the activity diagram representing the method. For example, if any
statement inside an action node is modified, then the model differencing tool identifies that action
node as modified. MaRTS can also identify changes performed to a constructor through model

differencing when a constructor is modified in the class model.

Siena. MaRTS selected 26 out of 107 test cases when moving from version 1.8 to 1.12, and
selected 36 out of 107 test cases when moving from version 1.8 to 1.14, i.e., by considering all
performed changes to move from version 1.8 to 1.12 then to 1.14. The reason for this reduction in
the number of selected test cases is that these adaptations are inside the method implementations
and do not include changes to the inheritance hierarchy. The modified methods are traversed by
few test cases in the available test set. DejaVu achieved similar results as MaRTS, i.e., both DejaVu

and MaRTS classified the same set of test cases as retestable.

ChEOPS]J showed different results. For the adaptation from version 1.8 to 1.12, ChEOPSJ
classified 54 test cases out of 107 as retestable. ChEOPSJ missed two modification-traversing
test cases that were selected by MaRTS and DejaVu. ChEOPS]J also classified more test cases as
retestable compared to MaRTS and DejaVu even though these extra test cases were not traversing
modified code. The reason is that ChEOPS]J is based on static analysis of dependencies between
modified code and test cases. For each change, ChEOPS]J first identifies the method where the
change occurred. Second, it identifies all the methods that directly or indirectly invoke the method
where the change occurred by following the chain of invocation dependencies between methods.
It selects every test case that contains an invocation to any of the identified methods because of the

potential for the test case to execute the modified methods.
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Table 4.7: Number of False Positives (FP) and False Negatives (FN) for the Studied RTS Approaches

. DejaVu ChEOPSJ MaRTS
Software system Evolution
Num.FP | Num.FN | Num.FP | Num.FN | Num.FP | Num.FN

JUNG 1.3.0->14.0 0 0 0 10 0 0
Siena 1.8 = 1.12 0 0 30 2 0 0
Siena 1.8 - 1.14 0 0 28 4 0 0
Chess 0—-1 0 0 0 4 0 0
XML-security 2-3 0 0 N/A N/A 0 0

For the adaptation from version 1.8 to 1.14 (i.e., considering all changes from 1.8 to 1.14),
ChEOPS]J selected 59 out of 107 test cases. It missed five modification-traversing test cases that
were selected by MaRTS and DejaVu. These five test cases traverse the method Attribute—
Value.booleanValue (), for which statements were modified inside the method body. One
possible reason is that ChEOPSJ does not identify all types of changes that can be performed inside

a method body.

Chess. For the chess program, MaRTS classified all of the 130 test cases as retestable because
every test case traverses at least one operation that was moved between classes or an activity
diagram/constructor that accesses modified fields. MaRTS did not classify any test case as obsolete
although there were 48 deleted operations from the subclasses of the ChessPiece class, and
many test cases contain direct calls to the deleted operations. The reason is that these subclasses
inherit operations from the ChessPiece class with the same signatures as the deleted ones, and

thus, the test cases that contain direct calls to the deleted operations will call the inherited ones in

the adapted version of the models.

DejaVu classified all of the 130 test cases as retestable while ChEOPSJ classified 126 out of
130 as retestable. ChEOPSJ missed four test cases because they traverse operations that access
modified instance fields. ChEOPSJ cannot identify such changes. In MaRTS, changes to instance
fields can be identified through model differences, and activity diagrams accessing these fields are

identified by parsing the file containing the models.
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XML-security. MaRTS classified 84 out of 94 test cases as retestable, and 10 test cases as
obsolete. The reason is that all of the 94 test cases traverse deleted operations and/or modified bod-
ies of operations. The 10 obsolete test cases contain direct calls to deleted methods. The test classes
containing these 10 test cases are KeyWrapTest . javaand BlockEncryptionTest. java.
These test classes do not compile with the XML-security v3. These test classes only contain the
10 test cases classified as obsolete by MaRTS, where these obsolete test cases either need to be
modified or deleted. DejaVu selected all of the 94 test cases for regression testing, where all the
test cases traverse modified and/or deleted code. DejaVu does not address identifying obsolete test

cases.

We did not get results for ChEOPSJ when we ran it on the XML-security subject. It did not
detect code changes that it is supposed to detect. Other researchers [76] encountered the same issue
with the subjects used in their study. Table 4.6 and Table 4.7 do not show results for ChEOPSJ

with respect to the XML-security subject.

Inclusiveness results. DejaVu is a safe tool and classifies all modification-traversing test
cases as retestable, and therefore, its inclusiveness was 100% for all the subject programs. Be-
cause MaRTS selected the same set of test cases that were selected by DejaVu for all the subject
programs, its inclusiveness was also 100%. ChEOPSJ missed modification-traversing test cases,
and its inclusiveness was 94% for JUNG, 96% for Chess, 92% for Siena version 1.12, and 88% for

version 1.14.

Precision results. The precision was 100% for MaRTS and DejaVu because both approaches
did not classify any test case that is non modification-traversing as retestable for all the subject
programs. The precision of ChEOPSJ was 100% for JUNG and Chess, 62% for Siena version
1.12, and 60% for version 1.14. Table 4.7 shows the number of false positives and false negatives

for each of the studied RTS approaches.

Thus, the answer to RQ/ is that the inclusiveness and precision for MaRTS were never lower

than the inclusiveness and precision of DejaVu and ChEOPS]J.
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4.2.3 RQ2: Fault Detection Ability

The MaRTS results showed a reduction in the number of selected test cases only for the Siena
program for the adaptation from version 1.8 to 1.12, and from 1.8 to 1.14. Therefore, we evaluated
the fault detection ability of the reduced test sets obtained by MaRTS for these two adaptations.
We used mutation testing in this experiment to compare the fault detection ability of the reduced
test sets with the fault detection ability of the full test sets. There are no tools (to the best of our
knowledge) that support systematic generation of mutations at the model level. Therefore, we used

a code-level mutation testing tool on the two versions of the Siena program (1.12 and 1.14).

The experiment consists of three steps. In the first step, all the 107 test cases in the baseline
test suite were executed on the code for version 1.8; all the test cases passed. This check is needed

to ensure that the baseline test cases do not expose faults in the original version.

In the second step, PIT? was used to apply first-order method-level mutation operators to
versions 1.12 and 1.14. The applied mutation operators® were (1) Conditionals Boundary Mutator,
(2) Increments Mutator, (3) Invert Negatives Mutator, (4) Math Mutator, (5) Negate Conditionals
Mutator, and (6) Void Method Calls Mutator. We configured PIT to only mutate the modified

methods to adapt from version 1.8 to 1.12 and to 1.14.

In the third step, for each version, we ran PIT with both the full and reduced test sets. PIT
generates a mutation report that shows (1) information about all the applied mutations, such as the
location of a mutated statement and the change made to that statement, and (2) which mutations

survived or were killed by the full and reduced test sets.

Table 4.8 shows the mutation testing results. Both the full and reduced test sets killed exactly
the same set of mutants in both the versions (40 out of 134 mutants in version 1.12 and 42 out of
136 mutants in version 1.14). The fault detection ability of the reduced test set was never lower

than that of the full test set. The reason is that any test case that traverses an adapted method was

Thttp://pitest.org

8http://pitest.org/quickstart/mutators/
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Table 4.8: Mutation results for the Siena program

Full Test Set Reduced Test Set

Program Mutants

size score size score

Siena 1.12 134 107 | 29.8% | 26 | 29.8%
Siena 1.14 136 107 | 30.9% | 36 | 30.9%

in the reduced test set, i.e., classified as retestable, and we used PIT to mutate only the adapted

methods. The remaining mutants were not killed by either the full or the reduced test set.

Thus, the answer to RQ?2 is that the fault detection ability of the reduced test set achieved by

MaRTS was equal to the fault detection ability of the full test set.

4.2.4 Discussion

MaRTS achieved results comparable to DejaVu, but it outperformed ChEOPSJ in terms of
inclusiveness and precision. The inclusiveness of MaRTS was 100%. Inclusiveness is important for
ensuring the correctness of the changes performed to a system because the modification-traversing
test cases can reveal faults in the system. Moreover, MaRTS can also identify one type of obsolete
test cases as in the case of XML-security study. The code-based RTS approaches compared in this

study do not address the identification of any type of obsolete test cases.

The fault detection ability experiment showed that the reduced test sets obtained by MaRT'S had
the same fault detection ability as that of the full test sets. The reason is that MaRTS classified all
modification-traversing test cases as retestable. We only mutated the adapted methods, assuming

that developers insert new faults only to these methods during the adaptation process.

4.2.5 Threats to Validity

We identify several threats to validity of the results of our case study.

External validity. It is difficult to generalize from a study of only four subject programs.
However, we selected program versions that incorporate various types of modifications, such as

changes to classes, methods, inheritance hierarchy, and class attributes.
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Internal validity. The unknown factors that might affect the outcome of the analyses are
possible errors in our algorithm implementation, and that the test cases were generated only using
one test case generation tool. To control the first factor, we tested the implementation of MaRTS on
different change scenarios. We also compared the results achieved by MaRTS for the case studies

with those of DejaVu, which is known to be safe and precise.

We used EvoSuite to generate JUnit test cases for the subject programs. The results could
potentially change if other test generation tools were used or test sets with different coverage
numbers were used (i.e., to what extent do the test cases exercise modified code). We plan to
evaluate the proposed approach on additional test suites generated by other test case generation

tools.

A major threat is that the same person selected the subject programs, generated the test cases,
reverse engineered the models, performed the model-level adaptations, and executed the RTS tools.
There is a potential for getting different results if different people worked on these steps. The test
generation process and RTS approaches were automated, and thus, having other people perform
those steps would not make a difference if they used the same tool configurations. The adaptations
are, however manual, which can lead to different modifications. However, since we started from
a particular version of code and finished at a well-defined version of code, the differences are not

likely to be significant.

Construct validity. We used the reduction in the number of selected test cases, safety, and
precision in our study. However, there are other metrics that can be used to evaluate an RTS
approach, such as its efficiency in terms of reducing regression testing time. We plan to evaluate

the efficiency of MaRTS in the future.

Conclusion validity. The main threat to conclusion validity is the sample size used in the
evaluation. We only used 4 subjects with one test suite for each of them. Using additional subjects

could affect the conclusions regarding the inclusiveness, precision, and fault detection ability.
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4.2.6 Time Complexity for MaRTS

We did not empirically compare the running times of MaRTS, DejaVu, and ChEOPSJ because
they are prototype tools that were built by different people with different skills and were not op-
timized for efficiency. However, we performed a theoretical analysis of MaRTS time complexity.
Algorithm 1 has two main loops. The first loop (lines 3-12) iterates through all the operations in
the original operations-table. Let us suppose that /V is the number of classes in the program. In
the worst case, they are all part of a single inheritance hierarchy, i.e., there is a linear chain of N
classes. Let c be a constant representing the number of operations in the topmost class in the hier-
archy; in the worst case this is also the largest number of methods in any class of the application.
Suppose that each class adds ¢ new methods to those inherited from its parent. In the worst case,
the number of methods available for invoking is ¢ for the top-most class, (¢ + ¢) for the second
class, (c¢+c+c) for the third class, and so on. The total number of operations, and thus, the number

of entries in the operations-table is (N * (N + 1)/2)¢, which is O(N?).

The original and adapted operation tables are implemented as HashMaps, so the cost of retriev-

ing elements is a constant that does not affect the worst case time complexity.

For each test case in the traceability matrix, the traversed activity diagrams and edges by the
test case are stored as HashSets, and the cost of retrieving from a HashSet is constant k. Therefore,
the cost of a single call to the findRetestableTests () algorithm is 7" * k£, where 7' is the
total number of baseline test cases, and k is a constant representing the cost to retrieve an item
from a HashSet. Thus, the worst case time complexity to call findRetestableTests ()
for all the operations in the operations-table is O(7" * N?) because the number of entries in the
operations-table is O(/N?). The same worst case time complexity applies to the findRetest—

ableTests () algorithm.

The second loop of Algorithm 1 (lines 13-25) iterates through the class and activity diagram
differences. In the worst case, (1) every statement is represented as a separate action node, in the

activity diagram, (2) all original nodes are modified/deleted, (3) all transition flows between all
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nodes are modified/deleted, (4) all constructors are modified/deleted, and (5) all fields in the class

diagram are modified/deleted.

Let ngnodes be the number of action nodes in the original program, n ;s the number of tran-
sition flows between the action nodes, n..,s the number of constructors in the class diagram, and

N fields the number of fields in the class diagram.

The cost to call the other algorithms from Algorithm 1 is as follows:

Algorithm name Complexity
findRetestableTestsTrans () O(T * nfiows)
findRetestableTestsNodes () O(T*nanodes)
findRetestableTestsConstructors () O(T * Neons)
findRetestableTestsFields () O(T * N fietds * Nanodes)

In the algorithm findRetestableTestsTrans (), the loop that iterates through all the
test cases in the traceability matrix will execute 7" times for each entry relevant to the transition
flow (of which there are O(nf;0,5)). For each test case, the traversed transition flows are stored in
a HashSet. The algorithm that determines whether the HashSet contains the transition flow or not

takes constant time. The complexity of the other algorithms can be explained in a similar manner.

The total worst case time complexity for Algorithm 1 is thus, O(T" * N2)) + (T * (N fiows +
Nanodes + Neons + (M fields * Nanodes))) ), Which can be approximated to O(T" * N2 + T % (nfie1as *
Nanodes ) ) because the number of flows, action nodes, and constructors is likely to be much smaller

than the product (7 f;eids * Nanodes ) and therefore neglectable.

Note that since we use Rational Software Architect (RSA) to adapt the models, the model

differencing task is done by the tool. This cost is not being considered in our analysis.

Harrold et al.’s [69] DejaVu approach uses the algorithm proposed by Rothermel and Har-
rold [67]. This algorithm iterates through the control flow graphs of the original and modified

versions of a program, and selects test cases that traverse modified edges. The worst case time
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complexity for this algorithm is O(2 * n + T * n?) [67], where T is the number of baseline test

cases and n is the total number of program statements.

The largest term in the time complexity of our algorithm is 7" * N fic1ds * Nanodes, and in the
WOTSt Case, Ngnodes 1S the same as the number of program statements, n. Thus, this term becomes
comparable to the largest term in the time complexity of Rothermel and Harrold’s algorithm (7'+n?)
when the total number of fields, n ;45 in @ program is equal to the total number of statements, 7,

in the program. However, in practice, n ;45 1S much smaller than n.

4.3 Limitations

MaRTS only supports the Java programming language because of the underlying toolset. RSA
supports executing UML models with Java, and Reversefl supports reverse engineering models
from annotated Java code. MaRTS can be extended to other object-oriented programming lan-
guages if the underlying tools are extended to support them, or replaced with analogous tools for

the desired programming language.

The current version of MaRTS does not support multiple inheritance between classes because
it was designed to analyze the inheritance hierarchy in the class models generated from Java. We
can overcome this limitation by extending the operations-table to store information for multiple

inheritance, and modify the test classification algorithm accordingly.

Due to limitations in the underlying reverse engineering and model execution tools, MaRTS
does not support multithreaded programming, generic types, and new features introduced in Java
8-11. To integrate the unsupported features such as functional interfaces and default methods in
Java interfaces in MaRTS, we need to extend the operations-table. We also need to extend the
classification algorithm to identify the impact of changes to these features and classify test cases
accordingly. The integration of such Java features in future versions of MaRTS is feasible assuming
that the underlying tools can support the reverse engineering of these features and execute them at

the model level.
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MaRTS does not use associations and compositions in the UML class diagram due to a limita-
tion in RSA. This tool always transforms an association with multiplicity more than one to a vector,
while the actual data type can be different, e.g., ArrayList. Instead of using associations and
compositions, MaRTS uses class attributes, where the constraints for compositions are specified in

the constructors.

An activity diagram extracted by Reverses contains one final node because Reverse requires
a method body to only have one return statement. To make the code compatible with Reversefl,
we transform the implementation of each method that has multiple return statements to only have
one return statement. Moreover, Reversefl requires annotated Java code. However, annotating the

code takes extra effort and time from developers, and they do not tend to provide that in practice.

MaRTS requires UML activity diagrams that are complete and fine-grained, and it relies on
reverse engineering to extract them from source code. Reverse engineering can be based on static
or dynamic analysis of the source code [99]. Both approaches are challenging because of the
heterogeneity, complexity, and size of software applications [99-101]. The challenges to reverse
engineering of models from source code are the scalability to large and complex systems, the
lack of metamodels that support reverse engineering of different programming languages, and
the inability to map all aspects of a certain programming language such as Java to elements in

models [100-102].

The above challenges to reverse engineering create obstacles to the application of MaRTS in
practice. Therefore, we investigated the use of activity diagrams developed during design-time.
Unfortunately, as described in Section 1.2 of Chapter 1, behavioral diagrams are used less often
than class diagrams, and even when behavioral diagrams are used, they tend to be incomplete
and lack low level details that are needed to obtain the traceability links from test cases to model

elements.
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Chapter 5

Fuzzy Logic-based RTS Using Behavioral Diagrams

This chapter presents FLiRTS [103], a Fuzzy Logic-based Regression Test Selection approach.
We proposed FLiRTS to address the second limitation described in Section 1.2 of Chapter 1. The
behavioral diagrams used in practice tend to be incomplete and represent aspects of a software
system at a high level of abstraction, which also limits the applicability of MaRTS because it

requires complete and fine-grained UML activity diagrams.

FLiRTS uses UML activity diagrams that model the behaviors of the system’s operations at
a high level of abstraction, and a UML sequence diagram that models the system’s use case sce-
narios. In the activity diagrams, a single node can represent multiple code-level statements and
its label can rarely be used to trace back to such a piece of code. These activity diagrams are
not executable. This level of abstraction prevents relating the existing test cases to the activity
diagrams. FLiRTS is based on generating more detailed refinements from each provided activity
diagram according to the provided sequence diagram. The refinements contain enough informa-
tion to permit the identification of traceability links between the activity diagrams and the test
cases. However, the obtained traceability links may be correct or incorrect depending on the gen-
erated refinements. FLiRTS uses fuzzy logic to address this uncertainty and classifies test cases as

retestable or reusable.

5.1 Using Fuzzy Logic in RTS

The RTS process can be considered as a decision-making system [78]. The decision concerns
the classification of the test cases as retestable or reusable. In such a system, we need to model the
inputs, outputs, and their relations. If the RTS process that is applied within the system is based

on abstract models that represent aspects of a software system at a high level of abstraction, then
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the environment under which the RTS process is operating is uncertain and has the following three

characteristics:

Incompleteness of information. The used models lack information regarding call/usage de-
pendencies between model elements, which prohibits obtaining the traceability links from test
cases to model elements. This incompleteness of the traceability information need to be addressed

by the RTS system.

Fuzziness of inputs. To overcome the lack of the traceability information that is normally
provided as an input to a model-based RTS approach, we need to derive from the used models other
types of input variables to be provided to the RTS system to classify test cases. However, these
variables and their values can carry considerable fuzziness because they do not determine with
full certainty whether or not a test case traverses changed model elements. We explain through
an example. Suppose that the input variable called distance represents, with respect to a test case,
the minimum number of model elements that need to be traversed by the test case to reach a
changed model element. Suppose that the distance is calculated according to static analysis of
the information available in the abstract models. When the distance is low, then there is a high
likelihood that the test case traverses changed elements, and when the distance is high, then the
likelihood is low. However, the input domain of the distance variable is fuzzy because we are
uncertain about what range of values is low or high. Is a low value 0-5 or 0-10? Can the ranges
for low and high overlap? The uncertainty of an input variable and its input domain need to be

addressed to enable correct classification of the test cases.

Fuzziness of relations between inputs and outputs. Because the input variables derived
from the abstract models do not determine with full certainty whether or not a test case traverses
changed model elements, the relations between these input variables and the retestable and reusable
categories can be fuzzy/imprecise. Let us consider the distance input variable defined previously.
If the distance of a test case exists within the range of values defined for low, does this indicate
that the test case is reusable? If the ranges for high and low distances overlap, which values from

the overlapping area indicate that the test case is reusable and which values indicate that the test
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case is retestable? This fuzziness in the relations between the input and output variables need to be

addressed.

We chose fuzzy logic to address these characteristics and enable RTS based on abstract mod-
els because of the following reasons. First, fuzzy logic can be used to address decision making
under uncertainty and incomplete information. As stated by Zadeh [104], "fuzzy logic is a way
to formalize the capability to reason and make decisions in an environment of uncertainty, incom-
pleteness of information, and partiality of truth". Second, the fuzziness of an input variable and
its input domain can be addressed in fuzzy logic by partitioning the input domain into pre-defined
input fuzzy sets. An input value fits in each input fuzzy set with a certain degree of truth based on

a membership function defined for the set.

Third, the fuzziness of the relations between the inputs and outputs is addressed in fuzzy logic
using linguistic inference rules that model these relations in the form of if-then rules. These rules

provide capabilities for reasoning and making decisions according to the provided fuzzy inputs.

Finally, a traditional RTS approach supports binary classification of test cases as retestable or
reusable. However, the binary classification cannot be directly applied in the absence of informa-
tion regarding traceability links of test cases. Fuzzy logic addresses this issue because it concerns
computing the degree of truth that the output belongs to a certain category. If fuzzy logic is used
in the RTS process, then each test case will be assigned truth values (e.g., output probabilities) for

being reusable and retestable. The final classification of the test case is based on these values.

To sum up, a fuzzy logic system for model-based RTS could be applied by (1) deriving input
variables from the models that represent the system under test and its test cases, (2) defining input
fuzzy sets and membership functions for the input domain of each variable, (3) defining an output
variable (i.e., test case category), and (3) defining a set of inference rules to model the relations
between the inputs and outputs, and to enable reasoning and making decisions towards an output,

1.e., classifying test cases as retestable or reusable.
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5.2 Proposed Approach

FLiRTS automatically generates more detailed activity diagrams called refinements from the
provided activity diagrams that represent the system’s methods at a high level of abstraction. A
refinement is an activity diagram that contains more flows and nodes than the one that was refined.
For example, consider an activity diagram that contains an action node representing multiple call
statements. In a refinement, such an action node can be replaced with multiple call behavior nodes.
FLiRTS generates the refinements according to the provided usage scenario in the sequence dia-
gram to avoid the generation of completely inconsistent and unrelated activity diagrams. The
refinements from each activity diagram are combined and used in the RTS algorithm. This com-
bined set of refinements contains enough information to permit the identification of traceability
links between the models and the test cases. However, the obtained traceability links may be cor-
rect or incorrect depending on how compliant the used refinement is to the corresponding source
code. FLiRTS classifies test cases as retestable or reusable [4] by using fuzzy logic with a degree
of confidence related to the compliance of the used refinement. The classification is performed
with respect to all possible combinations of refinements. The most trustworthy combination of

refinements is used to get the final result.

The following subsections present a motivating example then describe the process of FLiRTS.

5.2.1 Motivating Example

Using models that are at a high level of abstraction hinders the building of traceability links
between the models of the system and each test case, which makes it impossible to select the test
cases. We illustrate this problem with an example. The airline reservation system (ARS), used
as a running example in this chapter, is a class project implemented by undergraduate students in
a software engineering course. The portion of ARS used here supports only basic seat booking
capabilities but not the ability to prioritize flights by prices, airlines, or other criteria. Fig. 5.1a

shows an activity diagram of the Airline.bookSeat () method, which is at a high level of

57



true Jalse other birect g Fuight tatcnes\ 1%
Other birect Flight Hatches e > @y >
Fugnsr 0T > ety )T >
l true
Look for Journeys with
i Book Seat on the Flight
Connecting Flights
l l CallBehavior: &g .
—other ruiants?
Book a Seat If Flight.getOrigName() °
Any Available | > 7 oo o Sfalse
successful?
B |
l true
(a) Original. (b) Refinement.

Figure 5.1: Activity Diagram Representing Airline.bookSeat () and One Possible Refinement.

abstraction. It lacks low level details, such as call behavior nodes to other activity diagrams.
Fig. 5.2 shows the activity diagram of a test case that tests a scenario for booking a seat on a direct
flight. The corresponding code view includes a direct call to SystemManager .bookSeat (),

which calls Airline.bookSeat ().

The initial version of Airline.bookSeat () supports booking a seat on a direct flight,
but does not consider trips involving connecting flights. In the next version, the activity diagram
representing Airline.bookSeat () is adapted to include connecting flights. First, it searches
for a direct flight that matches the inputs, and if such a flight is found, then a seat is booked on it.
If no direct flights are found, then a trip is formed by finding flights that have the given airports
as departure or destination airports, and combining these flights in a journey from the departure
airport to the destination airport. This adaptation is performed by adding to the activity diagram in

Fig. 5.1a two new action nodes (bordered in red) that describe the new functionality.

Regression test selection must be conducted because the behavior of Airline.bookSeat ()
was modified. The test case shown in Fig. 5.2 should be selected because it traverses the adapted
Airline.bookSeat () method. The test case calls SystemManager .bookSeat (), which

calls Airline.bookSeat (). However, building the traceability links between the activity dia-

58



AbstractTestCase

Create and Initialize Airport Objects

v

Create and Initialize Airline Objects

v

Create and Initialize Flight Objects

v

Create and Initialize SeatSection Objects

\

Reserve a Seat

v

Test Assertions

v

Figure 5.2: Activity Diagram Representing a Test Case.

gram representing Airline.bookSeat () and the activity diagram of this test case is not pos-
sible, making it difficult to correctly classify the test case as retestable or reusable. The reason is
that these activity diagrams (including the activity diagram of SystemManager .bookSeat ()
not shown here), are at a high level of abstraction, and lack information regarding the calls be-
tween them. Additionally, the labels of action nodes in these activity diagrams can refer to the
same concept using different words/terminology, and therefore, we cannot relate these diagrams to

each other based on these labels.
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Figure 5.3: FLiRTS Process.

5.2.2 FLiRTS: Fuzzy Logic-based Regression Test Selection

FLiRTS automatically generates refinements from the provided activity diagrams subject to
some constraints, uses the refinements to calculate the input values to be provided to a fuzzy
logic-based classifier, and uses the classifier to attach probabilities to test cases to classify them as
retestable or reusable. FLiRTS does not care how the original tests were created. Fig. 5.3 shows

the main steps of FLiRTS.
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The original version of the system model contains (1) a UML sequence diagram that describes
the usage scenarios of the application, and (2) activity diagrams that model the behavior of the
system’s methods. The sequence diagram only uses objects and methods that are specified in the

UML class diagram of the whole system.

Developers adapt the sequence and activity diagrams of the software system in step 1. In step 2,
refinements are automatically generated from each activity diagram that exists in the adapted ver-
sion of the system model. The generation process is constrained by the adapted UML sequence

diagram.

A refinement generated from an activity diagram, A, can be more or less correct depending
on how much it is compliant with the expected method implementation represented by A. A
correct refinement is one where (1) each element in the refinement (i.e., decision, loop, and call
behavior) has a corresponding element in the expected method implementation, and (2) the order
of the elements in the refinement matches the order of their corresponding elements in the expected
method implementation. A non-compliant refinement can (1) have extra elements that do not exist
in the expected method implementation, (2) miss some elements that do exist in the expected
method implementation, and (3) have a mismatch between the order of some/all of the elements in
the refinement and that of the corresponding elements in the expected method implementation. The
measure of compliance is based on counting the differences with an optional weighting mechanism
to distinguish between different kinds of mismatches, and then normalizing them on the interval [0,
10]. A value of 10 means that there are no differences. In step 3, the correctness value is calculated

for each generated refinement.

Each test case is modeled by an activity diagram that includes call behavior nodes, each of
which directly links to an activity diagram of a system method. The link between activity diagrams
is by name and it holds even when the activity diagrams are refined since each refinement maintains
the name of the activity diagram it is refining. Each activity diagram in the system model leads
to several possible refinements. A refined system model is one where each activity diagram is

replaced by one of its refinements. Several combinations of the refinements are possible, which
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leads to the creation of several refined system models (step 4). Depending on the refinements
used in a system model, a test case may or may not traverse it. The reliability of the traversing
information is directly dependent of the correctness of the used refinements. Fuzzy logic is used
to address the uncertainty introduced in the correctness of the traceability links obtained from the

refinements used in each refined system model.

To apply fuzzy logic, we define two input variables, cr and mt. The crisp value of cr is defined
in terms of the extent to which a test case traverses correct refinements in a refined system model
(step 4). The crisp value of mt is defined in terms of the extent to which a test case traverses
modified activity diagrams in a refined system model (step 5). Fuzzy sets are defined for both the

input variables.

We define an output variable corresponding to the test case classification and define fuzzy sets
for this output variable. Step 6 applies the fuzzy logic classifier. The final results of FLiRTS for
each test case ¢ is a set of refined system models, and the probabilities for Retestable and Reusable
associated with ¢. In step 7, the final classification for ¢ is selected based on the probabilities
associated with the most trustworthy refined system model. If such a system model cannot be
determined, then the probabilities from all refined system models that are above a threshold are

used.

5.2.3 Generate Refinements of Activity Diagrams

A naive approach randomly generates refinements. For example, existing action nodes in the
activity diagram can be refined by or replaced with call behavior nodes for each operation in the
class diagram. This can result in a large number of refinements, many of which will have a low
level of compliance, adversely affect the reliability of the test classification results. Therefore, the
refinement generation process must be constrained to favor the generation of refinements with a
higher degree of compliance. FLiRTS uses the adapted sequence diagram of use case scenarios for

this purpose.
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Sequence Diagram
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Figure 5.4: Partial Sequence Diagram.
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To continue our running example, the sequence diagram shown in Fig. 5.4 represents two
scenarios to reserve a seat on a direct flight or on connecting flights. Due to space limitations, this
diagram is partial and does not show all the lifelines, fragments, and messages for these scenarios.
We named the combined fragments in this diagram to make it easy to refer to them in the text.

Combined fragment “Frag3” is responsible for finding a direct flight and reserving a seat on it.

To refine each high level activity diagram, we start from its corresponding message in the se-
quence diagram and navigate through the elements of the message to refine the elements of the
activity diagram. Algorithm 1 shows how FLiRTS generates the refinements. It takes as inputs
(1) an activity diagram representing a method behavior, (2) a sequence diagram representing the
use case scenarios of the system, and (3) a message in this sequence diagram to be used to re-
fine the corresponding activity diagram. The algorithm returns a set of refinements generated
from the activity diagram. We illustrate the algorithm using the activity diagram in Fig. 5.1a
that represents Airline.bookSeat (), the partial sequence diagram presented in Fig. 5.4, and
the Airline.bookSeat () message that is sent from the SystemManager lifeline to the

Airline lifeline.

Algorithm 1 extracts information about the elements that start from the execution specification
of the input message and the elements in the input activity diagram. The information extracted
from each element contains its nesting level and type. The nesting level of an element is defined
as the number of combined fragments that surround the element, where the outermost combined
fragment starts from the execution specification of the input message, msg. For example, the
nesting level of “Frag3” is zero because it is not surrounded by any fragment that starts from
the execution specification of Airline.bookSeat (). The nesting level of an element in the
activity diagram is defined with respect to how deep it is located inside nested decision-merge
structures. For example, the nesting level of the decision node labeled “Flight Matches dpt and
dst?” is one because it is contained inside a decision-merge that forms a loop structure whose

decision node is labeled “Other Direct Flights?”.
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Algorithm 3: refineActivityDiagram(ad, msg, sd)
Input :
ad: Activity diagram.
msg: Message in a sequence diagram.
sd: Sequence diagram containing the message msg.

Output:
R,: Set of refined activity diagrams.

R.=2
Set Dg = @&;
Se = getElementsFromSequenceDiagram (msg, sd);
A, =getElementsFromActivityDiagram (ad) ;
ActivityDiagram ref = ad;
for each combined fragment c € S, do
for each decision node d € A, do

if d.nl = c.nl then

/* nl refers to the element nesting level */

9 Ds.add((e,d));
10 end
11 end
12 end
13 R, =createRefinements (ref, Dy);
14 for each refinement rf ¢ R, do

NN AR W N -

15 for each message m € S, where m.nl=0 do

16 ‘ addCallBehaviorNode (rf, 0, m, NULL);
17 end

18 end

19 return R.;

Algorithm 1 navigates through the combined fragments of the message and the decision nodes
of the activity diagram, and checks for matches between them based on their nesting levels. If a
combined fragment in the sequence diagram matches a decision node, D, in the activity diagram,
then new nodes and transition flows are created to form a new structure corresponding to the
combined fragment (e.g., loop structure for loop fragment, and decision-merge structure for alt
fragment). If the combined fragment contains messages, then for each of these messages, a new
call behavior node is created inside the new structure. Three new refinements are created by adding
the new structure (1) before decision node D in the first refinement, (2) after D in the second

refinement, and (3) by replacing D in the third refinement.
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In our example, combined fragment “Frag5” matches the decision node labeled “Other Direct
Flights?” because both of them are at the same nesting level. Thus, three new refinements are cre-
ated. In one refinement (Fig. 5.1b), a new decision structure is created and added to the transition
flow labeled "false" that is outgoing from the decision node labeled “Other Direct Flights?”. The

new decision construct replaces the two action nodes on that transition flow.

Finally, Algorithm 1 iterates through all the messages that were sent by the lifeline as a result
of receiving the message that was provided as an argument to Algorithm 1. These messages are
at nesting level zero. The algorithm adds call behavior nodes for these messages on the main

transition flow in each of the refinements.

We defined a set of operators to refine an activity diagram by adding nodes and structures
(AddActionNode, AddCallBehaviorNode, AddDecisionStructure, and AddLoopStructure). The set
also contains the corresponding deletion operators. The set of operators is minimal and covers all
the possible unitary changes that can be performed on an activity diagram (e.g., adding or removing
a call action, replacing an action node by a new decision structure, adding a new loop, and adding

call nodes inside the loop).

The activity diagram constructs that the operators support are action, decision, merge, call
behavior, start, and end nodes. Each operator takes input parameters. For example, the AddAc-
tionNode operator takes as input (1) a new action node that will be added to an activity diagram,
(2) the target activity diagram, (3) the existing flow to which the new action node will be added,
and (4) the existing node after which the new action node will be added. The AddDecisionStructure

operator takes extra inputs, such as decision and merge nodes, and flows between the nodes.

5.2.4 Prepare Inputs for Fuzzy Logic classifier

The first variable cr takes crisp values representing the extent to which the test case traverses
correct refinements in a refined system model. This value is calculated by averaging the compliance

values for the refinements in the model, which, in turn, are calculated as described earlier.
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Table 5.1: Fuzzy logic inputs and outputs for test case 7T}

Refined Input Crisp Values Output Crisp Values
System Model cr mt reusable  retestable
{S1, A1} 8.5 2 0 100%
{851, As} 5.7 2 35% 65%
{5y, Ay} 7.5 2 0 100%
{Ss, As} 54 2 35% 65%

The second input variable mt takes crisp values representing the extent to which a test case
traverses modified activity diagrams in a refined system model. This value is defined as the mini-
mum number of call behavior nodes that need to be traversed by the test case to reach a refinement

generated from a modified activity diagram.

In our running example, suppose that the detailed activity diagram of a test case 7} contains a
call behavior node that calls the activity diagram representing SystemManager .bookSeat ().
Suppose that S; and S, are two refinements generated from this activity diagram, and A; and A,
are two refinements generated from the activity diagram representing Airline.bookSeat ().
The Cartesian product {Sy, S2} x { A1, A2} represents all the possible refined system models when
SystemManager.bookSeat () and Airline.bookSeat () are the only activity diagrams

in the system model. Both S} and S5 contain a call behavior node that calls A; and As.

To calculate the input crisp value of cr for 7', assume that the correctness value of .57 is 8 and
Ay is 7. The input crisp value of cr for 77 with respect to the refined system model {5, A5} is
(8+7)/2=7.5. The input crisp value of mt for 7} with respect to the refined system model {S;, A5}
is 2 because two call behavior nodes need to be traversed by 7} to reach A, (i.e., a call from 77 to
S, followed by a call from S} to As). Table 5.1 shows the input crisp values assigned to cr and mt

for each refined system model that is traversed by 7.

5.2.5 Apply the Fuzzy Logic Classifier

We first define the input fuzzy sets for the input variables cr and mt. The sets are High, Medium,

and Low. Fig. 5.5 shows the input fuzzy sets defined for cr. Fig. 5.6 shows the input fuzzy sets
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defined for mt. Each fuzzy set of cr represents a degree of the correctness of the refinements
traversed by a test case. An input crisp value assigned to cr or mt can fit in each of the input fuzzy
sets with a specific membership value. We also define an output variable called testClassification

that has two output fuzzy sets called Retestable and Reusable.

membership

°
-

2 3 4 5 6 7 8 9 10
cr

Figure 5.5: Fuzzy Sets for the Variable cr.

membership

°
-

2 3 4 5 6 7 8 9 10

mt

Figure 5.6: Fuzzy Sets for the Variable mt.

The fuzzy logic process used to classify the test cases involves three steps. In step 1, the input
crisp values that are assigned to the input variables cr and mt are fuzzified based on the input fuzzy
sets defined for each of these input variables. For example, the input crisp value assigned to cr for
Ty with respect to the refined system model { S, A;} is 7.5 (from Table 5.1), and its membership

value is 0.7 for the High set and 0.3 for the Medium set (from Fig. 5.5).
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In step 2, inference rules are applied to the fuzzy inputs obtained in the fuzzification step to
produce a set of fuzzy outputs. We defined a set of inference rules based on the fuzzy inputs. Here

is an example of an inference rule:
if er is High A mt is Medium
then testClassification i s Retestable

In step 3, the defuzzification process combines the fuzzy output values to produce an out-
put crisp value for the output variable testClassification. The output fuzzy sets, Retestable and
Reusable, map the output crisp value to the probabilities of the test case for being Retestable and
Reusable. These probabilities are shown in columns 4 and 5 in Table 5.1. For each test case, the
output of the fuzzy logic system is a set of refined system models, and the probability values for

Retestable and Reusable that are associated with each refined system model.

We classify each test case by considering the probability values associated with the refined
system model that has the highest correctness value. For example, in Table 5.1, the refined system
model with the highest correctness value is {S7, A; }. Test case T} is classified as retestable because
its probability for being Retestable is 100% with respect to this refined system model. If such a
refined system model cannot be determined, then we use the probability values from all refined

system models that are above a specific threshold.

5.3 Pilot Study and Discussion

We conducted a pilot study using the ARS system to compare the test classification results
obtained using FLiRTS and two other RTS approaches: DejaVu [69] and MaRTS [105]. We used
nine test cases in this study. The initial version of ARS does not support forming trips that involve
connecting flights. We adapted the initial version at the model level and code level to support
connecting flights. We applied FLiRTS to the models and DejaVu to the code. We applied MaRTS

to a different version of the activity diagrams of the ARS system; these diagrams are executable.
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Table 5.2: Fuzzy logic outputs for a test case classified as retestable

Normalized Probability
correctness values  Reysable Retestable
9.2 2% 98%
8.9 4% 96%
8.4 6% 94%
7.8 10% 90%
6.1 24% 76%

Test classification results. DejaVu and MaRTS classified the same 8 test cases out of 9 as
retestable and the remaining one as reusable. With FLiRTS, we considered the probabilities asso-
ciated with the refined system model with the highest correctness value. Each of the 8 test cases
classified as retestable by the other approaches was also classified by FLiRTS as retestable with a
probability higher than 95%. The test case that was classified as reusable by the other approaches

was also classified as reusable by FLiRTS with probability value equal to 80%.

For a retestable test case, Table 5.2 shows examples of the correctness values of five refined
system models, and the Retestable and Reusable probabilities obtained for the test case from these
models. In this example, the highest correctness value is 9.2 out of 10. From this system model,

we get a 98% probability for the test case to be retestable.

Generalizability and Thresholds. We cannot generalize the results from one study that used
a small system, only nine test sets, and simple scenarios. We do not have a specific threshold for

the probability value that can be used to choose between reusability and retestability.

Safety of FLiRTS. As mentioned in Section 5.2.3, the refinements are generated by applying
a minimal set of operators that cover all possible unitary changes. Any possible refinement can be
expressed as a combination of these operators. Since we do not know the expected implementation,
the operators are applied randomly but constrained by the provided sequence diagram as explained.
While this can generate refinements with a low degree of trustworthiness, the minimality property
ensures that the refinement close to the expected implementation will also be generated. The fuzzy

logic system selects that one to calculate the RTS result.
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5.4 Limitations

FLiRTS only uses behavioral diagrams. In practice, behavioral diagrams are used less often

than structural diagrams as shown in Table 1.1, which limits the applicability of FLiRTS.

The process of FLiRTS does not scale up for real-world projects because it is based on gener-
ating large number of refined system models. If a system under test has M methods represented
as activity diagrams, and FLiRTS generated N refinements from each of the M activity diagrams,
then the number of the refined system models will be N™. This scalability issue limits the appli-

cability of FLiRTS in practice.
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Chapter 6

Fuzzy Logic-based RTS Using Class Diagrams

This chapter presents FLiRTS 2 that extends FLiRTS to address all the limitations described
in Section 1.2 of Chapter 1. The behavioral diagrams are used less often than the class diagram
as shown in Table 1.1, and even when both types of diagrams are used, the behavioral diagrams
may be inconsistent with the structural diagrams or incomplete [41,42]. Therefore, it is desirable
to develop an RTS approach that only uses class diagrams given that this is the most commonly
used diagram type. FLiRTS 2 extends FLiRTS by dropping the need for behavioral diagrams and
focusing solely on UML class diagrams. FLiRTS 2 uses the generalization and realization relation-
ships to address the identification of test cases that are affected by the changes to the inheritance

hierarchy.

FLiRTS 2 requires as inputs a class diagram showing the design of the software system and its
test classes, and the names of changed classes between the original and the adapted versions of the
class diagram. Langer et al. [51] showed that class diagrams used in practice contain classes and
interfaces, operation signatures and return types, generalization and realization relationships, and

associations. FLIRTS 2 classifies test cases as retestable or reusable.

6.1 Proposed Approach

This section provides an overview of FLiRTS 2 (Sect.6.1.1), and a description of its main
steps (Sect. 6.1.2) and the process used to tune the fuzzy logic system and FLiRTS 2 parameters

(Sect. 6.1.3).
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6.1.1 FLIiRTS 2 Overview

FLiRTS 2 follows the current trend in recent code-based RTS research [10,54,73] that considers
a test class to be a test case. FLiRTS 2 classifies test classes as retestable or reusable according to

the changes made to the UML class diagram representing the system under test.

FLiRTS 2 depends on the knowledge of which classes under test are directly invoked by each
test class. These invocations are modeled in the class diagram as call usage dependency relation-
ships [106]. The class diagram must contain the test classes, their call usage dependencies, and
the classes under test. No other usage dependency relationships in the class diagram, such as the
create and send dependencies, or usage dependencies with customized stereotypes are required.
However, if provided, they are treated as call usage dependencies. Both unit and system test cases

are supported.

FLiRTS 2 can be used with class diagrams that are customized using the UML-profile mech-
anism for a particular domain. A profile is defined using stereotypes, their tagged values, and
constraints, which are applied to specific model elements, such as classes and operations. As de-
scribed later in Sect. 6.1.2.1 and Sect. 6.1.2.2, FLiRTS 2 supports stereotypes, tagged values, and

constraints, but they are optional.

FLiRTS 2 does not use any behavioral diagram. It also does not need static/dynamic call de-
pendency information except for the one from the test classes. FLiRTS 2 constructs from the UML
class diagram a graph, called class relationships graph (CRG), connecting the nodes representing
the classes through edges representing the various relationships between them (e.g., associations
and generalizations). It identifies from this CRG all the paths from the test classes to the adapted
classes. These paths are used as a substitute for the traceability information used in the canonical
RTS approaches to classify test classes. The class diagram cannot provide complete information
about the real usage of the diagram elements and whether or not the identified paths are actually

exercised. The class diagram provides a static view of the application and the paths are identi-
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fied with varying degrees of confidence that the relationships are actually exercised. FLiRTS 2

addresses this uncertainty by adopting a probabilistic approach based on fuzzy logic.

The input crisp variables are based on the types of the relationships between the classes. The
variables model (1) the probability that the execution of a test class traverses some adapted classes,
and (2) the minimum distance from a test class to an adapted class. The input crisp values are
calculated for each test class and used by the fuzzy logic system to calculate the probabilities of
a test class belonging to the reusable and retestable output fuzzy sets. If the probability of a test
class for being retestable is above a given threshold, then the test class is classified as retestable.

Otherwise, the test class is classified as reusable.

The results of a fuzzy logic system depend on several factors that need to be carefully config-
ured to get acceptable results. However, there are no general rules or guidelines for configuring
these factors that are appropriate for every domain [91,92]. We fine-tuned (Sect. 6.1.3) the fuzzy
logic system through a controlled experiment that selected the best configuration by comparing the
test classification results obtained by systematically varying the factors through several possible

values.

6.1.2 FLiRTS 2 Process

The process consists of five steps that are all automated:

1. Building the CRG from the class diagram.
2. Marking adapted classes in the CRG.

b

Calculating the paths to the adapted classes.
4. Calculating the input crisp values.

5. Classifying the test cases.

We demonstrate these steps on a small example taken from Kapitsaki and Venieris [1] for a
context-aware lecture reservation service provided in a university campus. The service is available

to every faculty and visiting professor who wants to book a lecture room. The context-aware
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service shows room availability only for those campus buildings close to the user’s current location.
The list of available rooms is based on weather conditions because the campus provides a number

of open air facilities for lectures.

In the original design, the weather—implemented by the class Weather—could only assume
the states sunny, rain, or snow without any relationship to the temperature. In the adapted de-
sign [1] shown in Fig. 6.1, the temperature concept is added for use with the good weather condi-
tion. The added elements were the classes Temperature and DigitalThermometer, an ag-
gregation relationship from Weather to Temperature, a usage dependency relationship from

Temperature to DigitalThermometer, and the necessary stereotypes and tag values.

The class diagram did not include test classes. We added two test classes LectureReser—

vationAppTest and LocationProviderAppTest and these are shown in Fig. 6.1.

6.1.2.1 Building the CRG from the Class Diagram

The CRG is a weighted directed graph extracted from the adapted class diagram. We need to
capture the directions of the element types because a directed edge from node A to node B indicates

a likelihood that the element represented by A calls operations in the element represented by B.

Each class/interface is represented as a node in the CRG. Weighted directed edges are added
between the nodes in the CRG when the corresponding classes/interfaces in the class diagram
are connected by one of the UML element types: association, generalization, realization, formal
parameter and return types of operations, stereotype tagged values, and usage dependency rela-
tionships. Fig. 6.2 shows how these element types are mapped into directed edges in the CRG.
OCL expressions may be used in the class diagram. However, no extra information is obtained
regarding the relationships because the navigation between classes in the OCL expressions use the

associations and operation parameters that we already use to add edges to the CRG.

FLiRTS 2 can identify the test classes that are impacted by the changes to the inheritance hi-
erarchy because it uses the generalization and realization relationships in the CRG. If there is a

generalization (or a realization) relationship from a class (or an interface) B to a class (or an inter-
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Figure 6.1: Partial Class Diagram after Adaptation [1].
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Figure 6.2: Mapping Rules from UML Element Types to CRG.

face) A, then two edges are added in the CRG from node A to node B and vice versa. Let us suppose
that NV is the number of classes that are part of an inheritance hierarchy in the class diagram. A
class C that belongs to this inheritance hierarchy will have a path to each of the other NV -1 classes
that belong to the same inheritance hierarchy. If a test class T has a path to C, then T will also have
a path to each of the other NV — 1 classes along the inheritance hierarchy. If any of the N classes

is adapted, then T will have a path to the adapted class, and this path can be used to classify T as

retestable.
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Each element type implicitly has a different likelihood to be exercised by a test execution and
therefore to drive the execution of some adapted class. Such a likelihood depends on several factors
that are unpredictable. Each edge in the CRG has a weight that represents the likelihood. Each
weight is a power of 2 from 0 to 6. For the associations shown in the first three rows of Fig. 6.2,
we use the same weight but the association type determines the number and direction of the edges
that are added to the CRG. Similarly, all types of usage dependency relationships are assigned an
equal weight. The actual weight assigned to each element type is determined by the tuning process

described in Sect. 6.1.3.

Only one directed edge e can be added from a node A to a node B in the CRG. The weight of

the edge is:

where N is the number of the UML element types introducing a relationship from class A to class
B, and w; is the weight assigned to the UML element type. For example, suppose that there are 3
associations and 1 generalization from class A to class B and that the weights 8 and 16 are assigned
to the associations and generalizations respectively. Then, the weights of the edges from A to B

and B to A are 40 (=8*3 + 16*1) and 16 (=16*1) respectively.

6.1.2.2 Marking Adapted Classes in the CRG

This step requires the names of the adapted classes for labeling the corresponding CRG nodes
as adapted. For example, in Fig. 6.3, the nodes Weather, Temperature,andDigitalTherm—

ometer are marked adapted because we added new relationships/elements to these classes.

The names of the adapted classes can be obtained in multiple ways. For example, model
comparison techniques [107-109] can use the original and the adapted class diagrams to identify
the adapted model elements (operation signatures, relationships, stereotypes and tagged values,
and OCL constraints) and the classes and the interfaces containing these elements. The FIGA
framework [38] automatically records the changes made to a model while it is being adapted.

These changes include the names of the adapted classes. Briand et al. [7] suggest another approach
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Figure 6.3: Extracted CRG.

where developers use stereotypes to indicate all the classes that they expect to be adapted. This
approach addresses the case when fine-grained code modifications inside a method body are not
visible in the class diagram. In this case, the developers add UML stereotypes to classes to indicate
that operation implementations in these classes will be modified. FLiRTS 2 reads the stereotypes

to get the names of these classes and flag them in the CRG as adapted.

6.1.2.3 Calculating Paths to the Adapted Classes

The input crisp values in FLiRTS 2 are computed w.r.t. each test class. Therefore, for each test

class ¢, we find in the CRG a set of paths F; that is used to compute the input values.
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We define P, of a test class ¢ as the set of all simple paths (i.e., paths that do not contain cycles),
such that each path starts from ¢ and ends in an adapted node without passing through any other
adapted nodes. The reason for stopping at the first adapted node in each calculated path is that
we use these paths (1) to calculate the probability that the execution of the test class reaches some
adapted class and (2) to find the shortest path from the test class to an adapted class. In both cases,

it is sufficient to reach the first adapted node in a path.

6.1.2.4 Calculating Input Crisp Values

Two input crisp variables p and d are used. The probability that the execution of a test class
traverses some adapted classes is represented by p, which considers the weights assigned to the
UML element types in the construction of the CRG. The shortest distance from a test class to an
adapted class is represented by d, where the shortest distance is the minimum number of edges in

the CRG that must be exercised by a test class to reach an adapted class.

Given a test class ¢, and the set P; defined in Sect. 6.1.2.3, the value of p w.r.t. ¢ is zero when

P, is empty. Otherwise,

where |p| is the path length, w; is the weight associated with the edge i, and 2 is the sum of the
weights of all the edges with the same source node as 7. The higher the value of p for ¢, the higher
the probability that the execution of ¢ traverses some adapted classes. In the CRG of Fig. 6.3, there
is only one simple path starting from the test class LectureReservationAppTest that ends
in an adapted class (Weather). The value of p for LectureReservationAppTest is 0.42

(=(4/4)*(8/8)*(32/76)).

The value of d w.r.t. ¢ is the number of edges in the shortest path in ;. When P, is empty, d is
infinity. From Fig. 6.3, the values of d are 3 and infinity for LectureReservationAppTest
and LocationProviderAppTest respectively. A smaller value of d indicates that the test
class must traverse fewer class relationships to reach some adapted class, and thus, the test class

has a higher likelihood of being retestable.
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Figure 6.4: Input Fuzzy Sets.

6.1.2.5 Classifying the test cases

The classification process involves the fuzzification, inference, and defuzzification [89] phases

of fuzzy-logic systems using the input crisp variables p and d and their input crisp values.

Input fuzzy sets. For variable p, the sets are Low, Medium, and High, as shown in Fig. 6.4a.
For variable d, the sets are Close, Medium, and Far, as shown in Fig. 6.4b. The membership
functions of the input fuzzy sets of p and d were chosen according to the tuning process described
in Sect. 6.1.3. The values assigned to p and d fit in these sets with a specific membership value

between zero and one.

Output fuzzy sets. An output crisp variable, te, is used for test classification. Its output
fuzzy sets are Retestable and Reusable as shown in Fig. 6.5. These sets were defined to be of equal
size and their membership functions are trapezoidal. The functions map the output crisp value to
probabilities for the test class being retestable and reusable. The boundaries for the Reusable set

are (0, 1), (25, 1) and (50, 0); those for the Retestable set are (25,0), (50, 1) and (75, 1).

Fuzzification phase. This phase calculates the membership values in the input fuzzy sets for
input crisp values assigned to p and d. The input crisp value of p w.r.t. LectureReservation-
AppTest is 0.42. Using the fuzzy sets of p in Fig. 6.4a, the membership of 0.42 is zero in
the Low set, 0.54 in the Medium set, and 0.46 in the High set. The input crisp value of d

w.r.t. LectureReservationAppTest is 3. Using the fuzzy sets of d in Fig. 6.4b, the mem-
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Table 6.1: Inference Rules

N Close Medium Far

Low Retestable Reusable Reusable
Medium | Retestable Retestable  Retestable
High Retestable  Retestable  Retestable

Table 6.2: Activating Inference Rules

d
N Htose =1 Prtaian(3)=0  Hirar(3)=0

HLow (0°42)=0 0 0 0
MnMedium(0.42)=0.54 0.54 0 0
Maign(0.42)=0.46 0.46 0 0

bership of 3 is 1 in the Close set, zero in the Medium set, and zero in the Far set. Step (1) of

Fig. 6.5 shows the fuzzification step for the input crisp values 0.42 and 3.

Inference phase. We apply Mamdani inference method described in Chapter 3. FLiRTS 2
uses nine inference rules to consider all the combinations for the input fuzzy sets of p and d. The
antecedents of the rules contain the input fuzzy sets of p and d, and the consequents contain the
output fuzzy sets of tc. Table 6.1 summarizes the inference rules. The rules are in conjunctive
canonical form where the conditions for the input crisp variables are connected by the AND (A)

operator. Fig. 6.5 shows the application of 2 of the 9 rules.

The inference rules are evaluated as follows. First, each inference rule is activated by cal-
culating the minimum of the fuzzy inputs of the input crisp values used in the rule. For exam-
ple, in Fig. 6.5, the input crisp values used in rule I are 3 and 0.42, and their fuzzy inputs are 1
(Meciose(3)=1) and 0.54 (tepsedinm(0.42)=0.54), respectively. Rule 1 is activated by applying the min-
imum operation between 1 and 0.54 and the result of rule I is 0.54 as shown in step 2 of Fig. 6.5.
Table 6.2 shows the results of activating each of the 9 rules. Second, the minimum value calcu-
lated in each rule propagates to the output fuzzy set (i.e., Retestable or Reusable) used in the rule
by truncating its respective membership function. The truncated function of the Retestable set is

shown as the shaded area in Fig. 6.5.
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Figure 6.5: Fuzzification, Inference, and Defuzzification Phases.

After the evaluation of all the inference rules, their outputs need to be combined. The fuzzy
union operator [90] is applied to the truncated membership functions to produce an aggregated
membership function. The truncated functions shown in step (3) of Fig. 6.5 are aggregated to

produce the aggregated membership function for the variable te, shown in Step (4) of Fig. 3.4.

Defuzzification phase. The final output crisp value is found using the center of gravity of the
aggregated membership function for tc. In our example, the defuzzification process returns 53.2 as
the output crisp value as shown in Step (4) of Fig. 6.5. Finally, the output fuzzy sets, Retestable and
Reusable, are used to map the output crisp value 53.2 to probabilities for Retestable and Reusable.
The membership value of 53.2 in the Retestable set is 1, which means that the probability of

LectureReservationAppTest being retestable is 100%.

The final classification of the test class is based on the probability of being retestable and a user-
defined threshold. If the probability is above the threshold, the test class is classified as retestable;
otherwise it is reusable. For example, if the threshold was 70%, then LectureReservation—

AppTest would be classified as retestable.
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6.1.3 Tuning FLiRTS 2

As should be evident from Sect. 6.1.2, a reliable test case classification result relies on the use
of a proper configuration of the fuzzy system. A configuration is a triplet of (1) a function that
assigns a weight to each UML relationship type, (2) the input fuzzy sets for the variables p and d,

and (3) the selection threshold to classify a test class as retestable.

The result provided by FLiRTS 2 can be considered reliable when the resulting test classifi-
cation shows the lowest safety and precision violations, and highest test suite reduction [72, 110]
w.r.t. those achievable with other model-based or code-based RTS approaches on the same applica-
tions. In this respect, our term of comparison is Ekstazi [10]. Ekstazi is a code-based RTS approach
known to be safe in terms of selecting all the modification-traversing test classes, widely evaluated
on a large number of revisions, and being adopted by several popular open source projects; as such

it can be considered the state-of-the-art for RTS tools.

The tuning process consists of finding the configuration ¢ € C—the set of all possible config-
urations, or configuration space—that minimizes the safety and precision violations w.r.t. Ekstazi
and maximizes the test suite reduction for a particular set of subjects S that we use as a sample set.
Given s € S, let R; be the set of all revisions for s. Given r € Ry, let ES* and Fg* be the set of test
cases of the revision r selected by Ekstazi and FLiRTS 2 with a configuration ¢ € C respectively.
Safety (SVgr) and precision (PVgr) violations and test suite reduction (TR§F) for FLiRTS 2 with

the configuration ¢ € C w.r.t. Ekstazi on the subject s € S and revision r € Ry are calculated as:

sver - BT

Fsr < Esr Tsr| — |[Fsr
— ‘EsrUFsr| Pvgr _ | C | sr _ | | | [ |
c

- |Esr U Fgr‘ ¢ - ’Tsr’

where T*" is the test suite for the revision r of the subject s before RTS is performed. The values
of SVEr, PV¢r, and TRE" are multiplied by 100 to make them percentages. Lower percentages for
SVer and PV§', and higher percentages for TR are better. SVgr, PVer and TRE" can be used to

define, for each configuration c¢, the set of their average values over the revisions in r € Rg for each
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seSas

V. = {<A-SV:, A-PV, A-TRS|Vs ¢ S}

where

A-SV: = averageSV;"

reRg

A-PV; = average PV¢"

reRg

A-TR¢ = average TR{".

reRg
They are also used to define for each subject s € S, their optimum value over all the configurations
in C as

opt = {« micn A-SV¢, micn A-PV{, max A-TR}|Vs € S}.

The best configuration ¢ is the one that shows the minimal distance from the optimum values

for safety and precision violations and test suite reduction.

JceCs.t. micn Distance(opt, V,)
ce

To ensure that is € the best configuration, we repeated the tuning process using the median
instead of the average computation. In both cases, we computed the distance using Manhattan,

Chebyshev, Euclidean, and Canberra distances [111].

Sect. 6.1.3.1 presents the subject applications used in the tuning process. Sect. 6.1.3.2 describes
the process of calculating the configuration space. We discuss issues about the tuning process and

threats to validity reported in Sect. 6.1.3.3.

6.1.3.1 Subject Applications for Tuning FLiRTS 2

Even though FLiRTS 2 is a model-based approach, we are forced to tune it using code-based

subjects because of the lack of large open-source model-based subjects and other model-based
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RTS tools. We used the 8 subjects listed in Table 6.3. These are selected from the 21 open-source
Java projects in Table 6.4, which are known to be compatible with Ekstazi since they were used in

its evaluation [10,72].

We downloaded the revisions of every subject using the methodology in Legunsen et al. [72].
From the earliest revision to the latest SHA listed in Table 6.3, we chose all those revisions that

(1) correctly compiled, and (2) for which the tests and Ekstazi compiled and ran successfully.

From source code to models. The UML class diagrams for selected subjects were automati-
cally extracted from each revision by using the Java to UML transformation plugin for the Rational
Software Architect (RSA) [52]. The extracted models contain classes, interfaces, operations with
input parameters and return types, associations, generalizations, and realizations. They do not con-
tain usage dependency relationships because these are not supported by the RSA transformation
plugin. Thus, the diagrams do not contain the information regarding the direct invocations from the
test classes to the classes under test. We obtained this information from the corresponding code-
level revision using Apache Commons BCEL [112], which supports static analysis of binary
Java class files, and stored it in a text file. The text files were provided along with the correspond-
ing class diagrams as inputs to FLiRTS 2. FLiRTS 2 supports reading the information regarding the
direct invocations from the class diagram as well as from a separate text file when the information

is not represented in the class diagram.

Marking adapted classes. As explained in Sect. 6.1.2, FLiRTS 2 needs the names of the
adapted classes. However, EMF compare [109] and any other model comparison approaches do
not work with the extracted models because each extracted model uses a different set of element
ids and every comparison concludes that every model element has changed. Thus, we were forced
touse the git diff command on the source code. The names of the modified classes/interfaces
produced by git diff were used as an input to FLiRTS 2 to mark the adapted classes in the

class diagram that was generated from the same source code.

Selecting revisions. Only revisions that differed from the previously selected one by more

than the 3% of its Java classes were selected. The aim is to increase the chances of having multiple
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Table 6.3: Selected Projects for the Tuning Process
ID SHA Ay A. Revs

p1  4e5a699 222 66 223
p, 0dad342 510 58 41
ps <¢873192 375 58 85
ps a3b01f4d 471 43 163
pis 792da67 158 10 407
p1s db5lalc 85 7 318
pis cb66efad9 53 6 118
P20 14d7643 38 4 122

code changes between the selected revisions and to reduce the cases where the changes do not
involve code modifications (e.g., only changes to comments).

We selected 8 subjects, 4 with the smallest and 4 with the largest average number of changed
classes shown with a gray background in Table 6.3. This choice permits us to tune FLiRTS 2
to work with both highly variable subjects (e.g., systems that introduce new functionality) and
mostly stable subjects (e.g., systems whose changes are due to bug fixing). Table 6.3 shows for
each subject, the latest revision used (SHA), the number of used revisions (Revs), and among all

the used revisions, the average number of classes (Aq), and the average number of adapted classes
(Aaa)-
6.1.3.2 Selecting the Best Configuration

The configuration space is the set of the combinations of values that can be assumed by the 3

elements in the triplet

<weight assignment, input fuzzy sets, selection threshold>.

‘We now describe how these combinations were calculated.

Weight Assignment. This function assigns a weight among 1, 2, 4, 8, 16, and 32 to the
considered UML element types: association, generalization, realization, formal parameters of op-

erations, return types of operations, and usage dependency relationships. We did not consider
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Figure 6.6: Initial and Generated Input Fuzzy Sets.

tagged values because the class diagrams generated from the code-level revisions do not use UML
profiles and do not contain tagged values. Because there are 6 weights for 6 element types, there

are 720 (=6!) weight assignment functions.

Input fuzzy sets. The input fuzzy sets for the two input crisp variables p and d were gen-
erated by applying shift and expand operations to the initial sets. All generated fuzzy sets have
triangular/trapezoidal shapes because these are proven to produce good results for most of the do-
mains [91,92]. Fig. 6.6a and Fig. 6.6b show the initial sets for p and d, and the points for the fuzzy

sets from n; through ng. We apply the shift and expand operations to these points.
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The input values range between 0 and 1 for p and 0 and 25 for d. We explored the input values
of d of all the test classes of all the revisions of the eight sample subjects, and the largest value of
d was never higher than 25. Therefore, we applied the shift and expand operations on the input
fuzzy sets of d until we reached the value 25. The values above 25 will always remain in the Far
set in all the generated fuzzy set configurations. We applied shift and expand by a given amount ¢,
where £ was chosen to be one-fifth of the range of p (0-1) and d (0-25). Thus, the value of £ was

0.2 for p and 5 for d.

The generation process starts from the initial values and repeatedly applies the shift operation
using the amount ¢ to the right on all the sets. To shift by € means to add ¢ units to each point
from n; to ng in each set. We stop shifting when the Medium set reaches the right boundary. This
happens when the points on the right, n3 and ng, are clipped at the right boundary. Fig. 6.6¢ shows

how the initial fuzzy sets of p were shifted.

Each application of the shift operation generates a possible group of fuzzy sets. Each group
is further refined by repeatedly applying an expand operation to the Medium set. Specifically, the
point n4 of the Medium set is moved to the left by €, and the point ng of the Medium set is moved
to the right by €. The other sets are modified similarly. We repeatedly apply the expand operation
until the left points n; and n4 reach the left boundary and the right points n3 and ng reach the right
boundary. Fig. 6.6d and Fig. 6.6e show the result of two applications of the expand operation to
the Medium set of Fig. 6.6¢c. In the first expand (Fig. 6.6d), we moved the four points ny, n4, ns,
and ng . In the second expand (Fig. 6.6e), we only moved n3 and ng but not n; and n, because

they already reached the left boundary in the first expand.

We generated 21 fuzzy set groups each for p and d. The fuzzy logic system uses one fuzzy set
group for p and one for d together in a function block, which is a primitive object that contains the
input and output variables and their fuzzy sets, and the inference rules [87]. Therefore, the total

number of generated combinations was 21*21=441.

Selection threshold. We considered 5 possible values for the selection threshold: 50%, 60%,

70%, 80%, and 90%.
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Configuration space. The total number of the configurations used to tune FLiRTS 2 was

720*441%*5=1,587,600.

Best configuration. We ran Ekstazi on the selected subjects and FLiRTS 2 on the corre-
sponding model inputs with each configuration from the calculated configuration space. The total
number of FLiRTS 2 runs was 2,344,885,200 (=1,587,600 configurations * 1,477 revisions of the
sample subjects). For every configuration, subject, and revision of a subject, we calculated the
safety and precision violations w.r.t. Ekstazi, and test suite reduction by using the formulas de-
scribed in Sect. 6.1.3. Since we use median and average along with four distance measures, we

obtained 8 different candidates for the best configuration.

The best configuration used Manhattan distance with the average-based tuning process. This
configuration uses the weights 2 for association, 1 for realization, 32 for generalization, 4 for
return type, 16 for input parameter, and 8 for usage dependency. The input fuzzy sets for this
configuration are shown in Fig. 6.4, and the selection threshold is 50%. This configuration resulted
in the lowest safety violation among all the 8 configurations. We use safety violation as our final
selection criterion because we consider safety to be more important than precision and test suite
reduction. Using this configuration for each of the selected subjects, the median safety violation
was zero and the average safety violation was less than 5. Using the other 7 configurations with the
sample subjects produced a median safety violation that was higher than zero for 4 sample subjects

and an average safety violation higher than 5 for 7 subjects.

6.1.3.3 Discussion

FLiRTS 2 must be tuned only once for a new context and objective for which it is used. For
example, we gave a higher priority to safety than to test suite reduction. Practitioners who have
different objectives, such as higher test suite reduction when regression testing time is limited as
in continuous integration environments with frequent commits, will need to re-tune FLiRTS 2 to

achieve higher test suite reduction. Re-tuning is also required if the approach is used for models
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where UML profiles and tagged values are used. In our tuning approach we did not use models

that have tagged values, and thus, we did not use weights for them.
Below we present threats to validity that can affect the outcome of the tuning process.

External validity. We used one criterion to select the subjects to train FLiRTS 2 based on
the largest/smallest number of changed classes. These subjects may not be representative, so we
cannot generalize the tuning result. Moreover, selecting the subjects based on other criteria such
as the subject size, number of test cases, and application domain could impact the tuning outcome.
Different application domains can involve other types of model-level changes, such as changes to
OCL expressions, stereotypes, and tagged values, which are used to identify adapted classes in the
class diagram. However, this threat is reduced because the selected subjects vary in size, number

of revisions, and number of test classes.

Internal validity. We reverse engineered the class diagrams from code-level revisions. The
generated associations were all directed, i.e., the class diagrams did not include the other types
of associations shown in Fig. 6.2. Moreover, the generated diagrams did not include some design
information such as tagged values of stereotypes and OCL expressions. Although providing this

information is optional for FLiRTS 2, having it could impact the outcome.

We used the git diff command between the code-level revisions to identify the adapted
classes. Applying model comparison between the class diagrams could identify fewer adapted
classes because some code-level changes may not be detectable at the model level. We extracted
the direct invocations from test classes to classes under test from the code-level revisions. These
deviations from FLiRTS 2, which should only use model-level information, could introduce errors

and change the results.

The best configuration we found is a local optimum with respect to the configuration settings
used in the tuning process. Using different weights, membership functions for the fuzzy sets,

selection thresholds, and distance measures could impact the outcome.
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Other factors that can affect the outcome are errors in the FLiRTS 2 implementation. To reduce
this threat, we built our approach on mature tools (i.e., JGraphT [113] and jFuzzylLogic [87]) and

tested it.

Construct validity. We chose Ekstazi as the ground truth against which to tune FLiRTS 2.
However, Ekstazi may not represent the ground truth for all RTS, and tuning FLiRTS 2 with respect
to other RTS approaches could impact the tuning outcome. However, Ekstazi is safe, and is similar

to FLiRTS 2 in terms of supporting class-level RTS.

There are other techniques that can be used to tune fuzzy logic systems, such as genetic al-
gorithms, which we did not consider in this work. We plan to investigate such techniques in the

future.

Conclusion validity. We only used 8 subjects to tune FLiRTS 2. The use of additional sub-

jects could impact the outcome of the tuning process.

6.2 Evaluation

The evaluation goals were to compare FLIRTS 2 with other RTS tools in terms of (1) safety
violation, (2) precision violation, (3) test suite reduction, and (4) fault detection ability of the
obtained reduced test suites. The terms safety violation, precision violation, and test suite reduction
are defined in Sect. 6.1.3. The fault detection ability was compared by using mutation testing on

the subjects using the full test suites and the reduced test suites obtained by the RTS tools.

The empirical study is driven by the following Research Questions (RQ):

RQ1: What is the safety violation of FLiRTS 2 with respect to state-of-the-art dynamic and static

RTS approaches?

RQ2: What is the precision violation of FLiRTS 2 with respect to state-of-the-art dynamic and

static RTS approaches?

RQ3: What is the reduction in test suite size achieved by FLiRTS 2?
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RQ4: What is the difference between the fault detection ability of the reduced test sets achieved by
FLiRTS 2 and the fault detection ability of the full test sets and the reduced test sets achieved

by state-of-the-art dynamic and static RTS approaches?

It was not possible to compare FLiRTS 2 with other model-based RTS approaches because
neither their tool implementations (e.g., [7, 14]), nor the models used in the reported studies are
available. Moreover, some RTS approaches use behavioral diagrams (e.g., sequence and activity
diagrams) and it is difficult to extract them from the thousands of source code revisions used in our
study. As an example, the state of the art model-based RTS approach [7] supports diagram types
represented using old version of UML (i.e., UML 2.0), and assumes that each use case is associated
with a sequence diagram and that the sequence diagrams refer to each other using interaction use
(identified by the ref keyword). It is not possible to create these detailed diagrams from the code-
level revisions. To the best of our knowledge, there is no freely available repository that contains

subjects with test cases and design models for several of their revisions.

Therefore, we use two code-based RTS tools, Ekstazi [10] and STARTS [54]. They are both
state-of-the-art and have been widely evaluated on a large number of revisions of real world
projects [72]. Ekstazi, STARTS, and FLiRTS 2 use class-level RTS, i.e., they all identify changes
at the class level and select every test class that traverses or depends on any changed class. Ekstazi

uses dynamic analysis and STARTS uses static analysis of compiled Java code.

6.2.1 Experimental Setup

We evaluated FLiRTS 2 using the 21 subjects listed in Table 6.4. The revisions were selected
using the same method described in Sect. 6.1.3.1 with an additional criterion that the subject should
also run with STARTS on the chosen revisions. Moreover, we relaxed the constraint of the number
of changes between a revision and its successor from greater than 3% of the classes to at least one
class. The total number of revisions selected from the 21 subjects was 8,060. Table 6.4 shows
the number of the selected revisions for each subject. We automatically generated the UML class

diagrams from the 8,060 revisions and identified the adapted classes using the method described in
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Table 6.4: Subjects

ID Subject Name SHA Revs Aaq A
p1commons—net 4e5a699 905 2.63 38.95
P, commons—-collections Odad342 235 10.36 241.56
P commons—imaging d2ecT76b 217 5.63 85.51
ps asterisk-java e36c655 478 7.93 39.52
ps commons-jxpath ef fatab 42 7.64 49.14
ps commons—-configuration 20fed44 429 3.56 163.63
p; commons-—-lang 809e2be 540 2.05 152.83
pPs commons-—io 58b0 79 629 4.59 95.33
py commons—cli 188576 216 2.81 29.0
P10 commons-validator 8d0b6al 329 2.76  68.57
P11 commons-text 5ee9331 336 3.7  35.92
P12 commons—dbcp 5d46 24 468 3.61 44.72
P13 COmMmMONsS—compress 5fd497f 1387 2.82 73.73
P14 commons-pool d4e0e88 495 2.52 21.12
Pis commons—codec dbblalce 679 2.13 41.48
pP1s commons—dbutils c66e fa9 178 3.07 23.74
P17 HikariCP dlfbfie 44 3.02 2.27
Pig Stream-1lib 6e0edbb 40 2.0 25.18
pPis commons—-fileupload b1498¢9 293 1.82 11.09
P20 commons-—email 14d7643 117 2.26 16.01
P21 invokebinder cebbfeb 3 1.0 3.0

SHA is the latest available revision we used in the experiment.

Revs is the number of revisions per each subject.

Aaq (Age) is the average number of adapted classes (test classes) among all classes (test classes) of all the revisions
per each subject respectively.

Sect. 6.1.3.1. We ran Ekstazi and STARTS on the 8,060 code-level revisions, and FLiRTS 2 on the
corresponding models using the best configuration obtained during the tuning process. Table 6.5
shows the RTS results in terms of safety violation, precision violation, and test suite reduction.

Table 6.6 shows the fault detection ability results.

6.2.2 RQ1: Safety Violation

As shown in Table 6.5, the median safety violation is zero (or close to zero) for all the subjects.
Fig. 6.7 shows that the average safety violation with respect to Ekstazi and STARTS was below

20% for 19 out of 21 subjects. Among all the 8,060 revisions, the average safety violation of
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Table 6.5: RTS Results
ID A-SV.% A-SVi% M-SVe% M-SVy% A-PV.% A-PVi% M-PV.% M-PVi% A-R.% A-R;% A-Ry %

P1 10.87 9.5 0.0 0.0 54.8 54.26 88.46 85.71 92.24 91.88 67.0

P2 6.01 10.94 0.0 0.0 73.66 67.63 99.3 99.2 95.75 91.97 62.91
P3 8.91 11.28 0.0 0.0 55.93 19.22 46.91 0.0 75.72 37.08 32.2

P4 8.93 3.34 3.7 0.0 74.04 70.65 83.66 80.0 87.6 85.15 51.53
Ps 14.41 14.55 0.0 0.0 50.59 44.95 37.14 31.42 71.02 65.41 40.22
Ps 29.69 16.87 1.4 0.79 47.63 44.66 51.26 37.01 80.06 73.93 45.72
<2} 11.91 16.99 0.0 0.0 31.86 28.24 0.0 0.0 96.73 89.28 96.26
Ps 9.97 11.82 0.0 0.0 40.99 36.71 22.22 5.26 92.49 89.2 84.61
Po 10.65 12.81 0.0 0.0 42.62 37.0 14.28 4.16 72.79 65.32 52.45
pio 2114 22.71 0.0 0.0 34.08 30.33 0.0 0.0 93.33 92.32 90.58
P11 11.72 11.79 0.0 0.0 47.73 46.4 47.73 40.0 91.12 90.6 77.76
piz 131 6.58 0.0 0.0 53.1 53.74 57.69 62.5 85.91 83.73 67.38
P13 8.94 14.63 0.0 0.0 50.16 31.41 56.89 11.11 87.17 70.4 64.85
P14 9.02 9.72 0.0 0.0 61.96 46.65 66.66 36.84 84.66 72.43 49.89
Pis 5.8 6.68 0.0 0.0 63.56 63.04 92.0 89.65 94.26 93.57 61.57
Pis 6.46 6.24 0.0 0.0 61.33 57.44 89.44 89.44 86.6 83.0 60.69
pi7  17.05 15.91 0.0 0.0 21.21 4.55 0.0 0.0 37.12 18.18 28.79
Pis 4.83 4.83 0.0 0.0 50.66 45.17 60.0 52.27 92.56 90.47 78.96
P 10.71 14.75 0.0 0.0 48.7 43.63 28.57 0.0 85.18 74.07 66.18
P2o 5.93 6.81 0.0 0.0 43.32 42.19 30.76 11.11 73.43 71.38 55.03
P21 0.0 0.0 0.0 0.0 22.22 0.0 0.0 0.0 44.44 22.22 22.22

A- or M-SV; is the average/median (per subject) safety violation of FLiRTS 2 with respect to tool i, i.e., Ekstazi and STARTS.
A- or M-PV; is the average/median (per subject) precision violation of FLiRTS 2 with respect to tool i, i.e., Ekstazi and STARTS.
A-Re, A-Rg, and A-Rg is the average reduction (per subject) in test suite size achieved by Ekstazi, STARTS, and FLiRTS 2, respectively.

FLiRTS 2 was 11.11% with respect to Ekstazi and 11.63% with respect to STARTS. This indicates
that FLiRTS 2 missed on average about 12% of the test classes that were selected by the other
tools. This is because FLiRTS 2 is designed to work with UML class diagrams, and this diagram
type cannot provide certain types of information used by the other tools such as (1) dynamic
dependencies of test classes with the classes under test, (2) Java reflection, (3) exceptions, (4)
dependencies from test classes to third party libraries and input configuration files, and (5) the code
contained inside the method body (e.g., local variables referencing classes and method invocations
on classes). The lack of this information resulted in missing relevant test classes that must be

classified as retestable.

6.2.3 RQ2: Precision Violation

Fig. 6.8 shows that the average precision violation of FLiRTS 2 with respect to Ekstazi was
higher than 50% for 11 of the subjects; with respect to STARTS it was higher than 50% for 6

of the subjects. Among all the 8,060 revisions, the average precision violation of FLiRTS 2 was
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51.86% with respect to Ekstazi and 44.72% with respect to STARTS. This is because FLiRTS 2 is

based on a probabilistic model, while Ekstazi is based on collecting the dynamic dependencies of
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the test classes, which can more precisely exclude test classes that do not traverse adapted classes.
STARTS is a static approach and therefore less precise than Ekstazi. Thus, FLiRTS 2 achieved a

lower average precision violation with respect to STARTS than with respect to Ekstazi.

6.2.4 RQ3: Reduction in Test Suite Size

Although FLiRTS 2 was less precise than Ekstazi and STARTS, it showed a reduction in the
test suite size. Fig. 6.9 shows that FLiRTS 2 achieved a reduction for all the subjects, and that the
average reduction was more than 50% for 15 out of 21 subjects. The average reduction achieved
by FLiRTS 2 over all the subjects was 65.74%. STARTS achieved a higher average reduction than
FLiRTS 2 for 18 subjects. Because Ekstazi is a dynamic approach, it achieved a higher average

reduction than both FLiRTS 2 and STARTS for all the 21 subjects.

97



Table 6.6: Fault Detection Ability Results
ID Revs A-MCiy A-MC; A-MC. A-MC, e>f s>f f>e f>s

< 173 50.90 49.59 26.64 26.64 7 7 72 71
P3 14 48.42 37.92 40.57 40.57 9 9 2 2
P4 462 14.27 14.04 13.02 13.03 7 7 28 28
Ps 301 85.67 85.14 76.87 76.20 18 15 53 50
P 283 83.13 81.77  48.73 49.31 13 8§ 141 127
Ps 230 74.43 72.39 44 .88 4494 19 24 95 100
Po 85 85.12 80.69 43.96 45.61 6 6 45 42
pio 111 78.83 77.94 56.80 56.48 32 31 33 33
p1r 240 79.54 79.48 47.62 47.64 7 8 110 108
P12z 242 44.66 38.78 21.92 19.31 27 22 116 119
P14 38 63.28 50.50 30.68 30.76 2 2 14 13

pis 300 76.28 75.66 33.14 32.69 7 5 167 168
P1s 102 96.35 95.60 24.73 24.80 4 4 61 o4
P17 36 25.33 22.63 23.97 23.97 1 1 2 2
Pisg 19 65.42 65.26 30.42 33.52 1 1 9 9
P20 34 62.94 62.94 24.29 24.29 1 1 21 21
P21 3 57.33 57.33 57.33 27.33 0 0 0 0
all 2673 61.32 59.72 37.89 37.66 161 151 969 947

Revs is the number of revisions for which PIT worked.

A-MCgyp, A-MCt, A-FDe, and A-FDjs are the average mutation scores achieved by the full test classes, and the test classes selected by FLiRTS,
Ekstazi, and STARTS, respectively.

Columns e>f and s>f show the number of revisions in which the test classes selected by Ekstazi and STARTS, respectively, achieved higher
mutation scores than the test classes selected by FLiRTS.

Columns f>e and f>s show the number of revisions in which the test classes selected by FLiRTS achieved higher mutation scores than the test
classes selected by Ekstazi and STARTS, respectively.

6.2.5 RQ4: Fault Detection Ability

In the absence of real faults, mutation operators are often used to seed faults in testing ex-
periments [114]. We use a mutation-based approach with the PIT [115] tool to apply first-order
method-level mutation operators to the versions of the 21 subjects. We applied all the 13 PIT

mutation operators [115], and configured PIT to mutate only the adapted classes of each version.

For each version, we ran PIT with the full test suites and those selected by FLiRTS 2, Ekstazi,
and STARTS. Table 6.6 shows the mutation testing results. Due to JUnit version compatibility
issues, PIT did not work for any of the revisions of pi, ps, P13, and pi1s. It also did not work
for some of the revisions of the other subjects. The calculations used to create Table 6.6 did not

include these revisions and subjects.
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Table 6.6 shows that FLiRTS 2 achieved higher average mutation scores per subject than Ek-
stazi and STARTS for 15 out of 17 subjects. When identifying adapted classes, Ekstazi and
STARTS ignore changes that are (1) undetectable by the smart checksums used to compare .class
files, (2) related to compile time annotations and debug information, and (3) are present in the
source code but not visible at the bytecode level. On the other hand, some of these changes were
visible to the diff command used to generate the list of adapted classes provided as input to

FLiRTS 2.

FLiRTS 2 showed lower mutation scores than Ekstazi and STARTS for 6% of the revisions used
in the mutation testing experiment. The last column of Table 6.6 shows that FLiRTS 2 obtained
lower mutation scores than Ekstazi and STARTS for 161 and 151 revisions, respectively. When
only considering the 161 revisions, the average mutation score was 53.1% for FLiRTS 2 and 61%
for Ekstazi. When only considering the 151 revisions, the average mutation score was 54.5%
for FLiRTS 2 and 62.3% for STARTS. The reason for the loss in the fault detection ability was
that FLiRTS 2 missed 12% of the test classes that were selected by the other tools, and this 12%

included modification-traversing test classes that killed mutants in the adapted classes.

Considering all the revisions used in the mutation testing study, the average mutation scores
achieved by the test classes selected by FLiRTS 2 and the full test suites were 59.72% and 61.32%,
respectively. This indicates that even after reducing the test suites for all the subjects, the loss
in FLIRTS 2’s fault detection ability was low (1.6% on average). Note that this is not a result
of higher precision violation of FLiRTS 2, which indicates that it selected more test cases than
necessary. The extra test cases traverse unmodified classes, but mutation faults were seeded only
in the modified classes. Only the modification-traversing test cases could have detected the faults,

which shows that FLiRTS 2 did select the important test cases.

99



6.2.6 Threats to Validity

The external and internal threats to validity to the tuning process also apply here. We mitigated
them in the same way as before. Moreover, we used 8,060 revisions from 21 open-source projects

varying in size, application domain, and number of test classes.

Construct validity. We could have used other metrics (e.g., test coverage) to evaluate the
effectiveness of FLiRTS 2. However, we used the most common metrics in the research literature:

safety violation, precision violation, reduction in test suite size, and fault detection ability.

We did not perform a comparison of efficiency in terms of reducing regression testing time
between FLIRTS 2 and the other RTS tools. Applying the end-to-end process with FLiRTS 2 would
require models that were evolved and comparable. However, our reverse engineered models could

not be compared using model comparison tools.

Conclusion Validity. We only used 21 subjects to evaluate FLiRTS 2. The use of additional

subjects could affect the conclusions of the evaluation.
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Chapter 7

Conclusions and Future Work

Regression testing is the process of running the existing test cases on a modified version of a
system to ensure that the performed modifications do not break the existing functionality. Regres-
sion testing is an expensive process, and RTS approaches are used to improve regression testing
efficiency by selecting a subset of test cases from an existing test suite to verify that the affected

functionality of a program is still correct.

Existing model-based RTS approaches classify test cases by analyzing changes performed at
the model level. These approaches suffer from the following limitations. First, they do not take
into account the impact of inheritance hierarchy changes on the classification of test cases. Second,
they require complete and detailed behavioral diagrams, but in practice, behavioral models tend
to be incomplete and lack details needed to obtain the traceability links from test cases to model
elements. Third, the applicability of model-based RTS in practice is limited because the behavioral

diagrams are used less often than class diagrams.

In this dissertation, we proposed a static model-based RTS approach called FLiRTS 2 that
addresses these three limitations. The development of FLiRTS 2 was driven by our experience

accrued from two model-based RTS approaches called MaRTS and FLiRTS.

The key advantage of using FLiRTS 2 is that it relies only on class diagrams containing in-
formation that is commonly provided by software developers. It needs far less information than
other model-based RTS approaches. No behavioral models, traceability links from the test cases
to model elements, or coverage data are needed. In the absence of this information, FLiRTS 2
uses a probabilistic approach based on fuzzy logic to address the uncertainty in determining which

classes and relationships in the class diagram are actually exercised by the test cases.

Using 21 subjects we compared the safety violation, precision violation, test suite reduction,

and fault detection ability of FLiRTS 2 with those of two code-based RTS approaches, Ekstazi
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and STARTS. The average safety violation of FLiRTS 2 was 11.11% with respect to Ekstazi and
11.63% with respect to STARTS. The average precision violation of FLiRTS 2 was 51.86% with
respect to Ekstazi and 44.72% with respect to STARTS. The average test suite reduction using
FLiRTS 2 was 65.74%. The average fault detection ability of the full test suites was 61.32%; for
the reduced test suites it was 59.72% for FLiRTS 2, 37.89% for Ekstazi, and 37.66% for STARTS.
In spite of the limited information available to FLiRTS 2, it was able to achieve test suite reduction

with a small loss (i.e., less than 2% on average) of the fault detection effectiveness.

The subjects used in the evaluation of FLiRTS 2 are not representative of all domains. We plan
to perform further empirical studies using additional subjects from different domains. We will in-
vestigate if using search-based software engineering techniques such as genetic algorithms [91] to
tune the fuzzy sets and inference rules of the fuzzy logic system improves the safety and precision
of FLiRTS 2. Moreover, we plan to investigate and improve the applicability of FLiRTS 2 in differ-
ent domains. Some domains use class diagrams and customized UML profiles for the design and
management of context-aware systems. Others use component-based models to support runtime
adaptations. Thus, instead of the Class Relationships Graph, we will need to develop a new graph

that represents the relationships between the components.

The future work directions identified below investigate the use of non-traditional RTS tech-
niques that are based on fuzzy logic and machine learning to improve the applicability of model-

based RTS in practice.

Using Fuzzy Logic with Other Types of Models. We plan to investigate the applicability of
fuzzy logic to classify test cases in the approaches that use component-based models at runtime
to support self-adaptation in autonomous systems [31-36]. These approaches use the Monitor-
Analyze-Plan-Execute over shared Knowledge feedback control loop (MAPE-K) to plan and per-
form runtime adaptations. The monitoring phase extracts the information from the managed system
and its environment. The analyzing phase analyzes system information and models the adaptation
plan. The planning phase determines a set of actions to adapt the managed system, and the execute

phase carries out the actions. Fuzzy logic can be used after the analysis phase, in which the adap-
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tation plan is modeled but not yet executed. Possible inputs to the fuzzy logic system can include
information extracted from the component-based models such as relationships between the compo-
nents, the adaptation plan, and the monitored information regarding the context and environment
of the managed system. We will investigate using fuzzy logic to classify test cases based on this

information.

Using fuzzy logic for test case prioritization. Regression test prioritization is concerned with
the identification of the ideal ordering of test cases that maximizes desirable properties, such as
early fault detection [9]. We plan to investigate the use of fuzzy logic in model-based regression
test prioritization based on information available in the class diagram. Such information includes
diversity of test classes, which can be computed based on the dissimilarity between the relation-

ships that start from test classes to classes under test.

Machine learning techniques. Supervised and unsupervised machine learning techniques are
gaining traction in software engineering research. We will investigate the use of such techniques

instead of fuzzy logic to support RTS based on information available in the UML class diagrams.
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