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ABSTRACT

OR more than two decades, the modeling community has made great efforts
to address key issues such as a Unified Modeling Language (UML), a for-
mal language to describe expressions on UML (OCL), or model transfor-

mation languages. In addition, all software systems evolve over time. In fact,
some works point that up to 80% of the lifetime of a system is spent on main-
tenance and evolution activities. However, the maintenance of software systems
built by Model Driven Development (MDD) has not received as much attention as
we think it should. Recent surveys of feature and bug localization do not identify
a single approach that addresses the models of MDD. Both Feature Localization
and Bug Localization are essential tasks in maintenance:

* Feature localization is important because: before modifying the system, it
is necessary to locate what is going to be modified, and

* bug localization aims to identify the location in the system that is pertinent
to a software fault. Bug localization is one of the most important, expensive,
tedious and time-consuming activities in program maintenance.

In this thesis we propose feature localization and bug localization approaches
for MDD. In MDD, the main artifact to develop the software is the model and,
therefore, it should not be ignored when locating features and bugs. In the case
of feature localization, we extend our previous works that had already covered
the models at design time, to address the models at runtime. In the case of bug
localization, this thesis addresses both design time and runtime.

Our feature localization approach combines architecture models at runtime
and Information Retrieval (IR) for feature location. The execution information is
collected in the model at runtime. Then, the approach applies an information re-
trieval technique at model level. The result is a ranked list of model elements that
are related to the desired feature based on the similarity to the feature description.

Our bug localization approach covers design time and runtime. Our design
time approach is a Multi-Objective Evolutionary Algorithm. This approach searches
over model fragments and is guided by the textual similarity to the bug report and
by the Defect Localization Principle. Our runtime approach is focused on locat-
ing bugs that appear as the result of dynamic reconfigurations of the system due to
context changes. Our approach for bug localization in reconfigurations applies an



evolutionary algorithm guided by a fitness function that considers the similarity
to the text description of the bug report. The solutions provided by our approach
are sequences of reconfigurations that, when followed, might lead to the model at
runtime which contains the located bug.

We evaluated our approaches in two real-world industrial case studies: BSH,
the leading manufacturer of home appliances in Europe, and CAF, a worldwide
leading company that manufactures rolling stock, and in an artificial case study,
the Smart Hotel. We measure the results in terms of recall, precision, F-measure
and Matthews Correlation Coefficient (MCC). The results of our approaches out-
perform the baselines that are the approaches used by our industrial partners for
feature and bug localization. We also performed statistical analyses to provide
evidence of the significance of the results.

This work suggests that the approaches presented in this thesis outperform the
current approaches used by the industry that were studied. Specifically, we real-
ize that the models at runtime traces provides useful information that influences
the results. In addition, the combination of information retrieval and the Defect
Localization Principle leads to a significant improvement when it is applied for
bug localization in models. Hence, the study of the reconfiguration of models at
runtime helps to locate bugs. Finally, our results show that our approaches can be
applied in real world environments, such as BSH and CAF.
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Chapter 1. Introduction

1.1 Motivation

Nowadays, software exists in almost everything. This trend has been accompanied
by a high increase in the scale and the complexity of software. Model-Driven
Engineering (MDE) is being applied in an ever-increasing manner to cope with
the complexity of software systems by raising the level of abstraction [1].

Nevertheless, similar to any kind of software, MDE systems need to be main-
tained and evolved over time. Lehman et al. [2] pointed out that up to 80% of
the lifetime of a system is spent on maintenance and evolution activities. Soft-
ware maintainers spend from 50% up to almost 90% of their time trying to under-
stand a program in order to make changes correctly. Feature and bug localizations
are two of the most important activities performed by developers during software
maintenance and evolution.

To establish what we refer to when we talk about feature and bug localization,
we consider the following definitions:

Feature. A feature represents a functionality of a system that is defined by re-
quirements and is accessible to developers and users.

Bug. A bug refers to an error or fault in any system that produces unexpected
results or causes a system to behave unexpectedly.

Feature or bug localization. Feature localization techniques aim at locating soft-
ware artifacts that implement a specific program functionality, i. e., a fea-
ture. Similarly to feature localization, bug localization is focused on identi-
fying the locations of software faults, i. e., bugs.

Models. In the model paradigm, models can play several roles in software de-
velopment: diagrams for analysis, can be reverse-engineered from source
code, or can be used for code generation. In addition, models at runtime are
defined as causally connected self-representations of the associated system
that emphasize the structure, behavior, or goals of the system from a prob-
lem space perspective. In this work, we focus on models that can be used
for code generation (hereinafter, models at design time) and on models at
runtime.

Software maintenance and evolution involves adding new features to pro-
grams, improving existing functionalities, and removing bugs. At the end of the
process, the software engineer gets a piece of software that is in charge of some

4



1.2. Research Questions

functionality in the system using any of the approaches. However, if we want to
perform bug localization, we must take into account different particularities than
if we want to perform feature localization.

When we work with models (at design time or runtime), there are no ap-
proaches for performing basic maintenance tasks such as feature or bug local-
ization. Most research on feature or bug localization considers code to be the
software artifact that realizes the feature or contains the bug, neglecting other
software artifacts such as models.

The companies that have adopted the MDE paradigm have the advantage of
working at a high level of abstraction. Compared to working at the code level,
models provide the advantage of abstracting the implementation details. Never-
theless, source-code-based systems have a large number of approaches to perform
maintenance activities, while in the case of model-based systems, recent surveys
in feature and bug localization have not identified any. The main goal of this thesis
is to contribute to changing this.

Thus, we have identified two main challenges (see Figure 1.2): (1) Dynamic
Feature Localization in Models; and (2) Bug Localization in Models. To deal
with the first challenge, we present an approach that leverages the use of model
at runtime traces to perform dynamic feature location. To deal with the second
challenge, we present two approaches that use evolutionary algorithms to perform
bug localization in design time and in runtime models.

1.2 Research Questions

Recent surveys [3, 4, 5] reveal that none of the feature or bug localization ap-
proaches take into account models for locating features or as the source of the
bugs. In the model paradigm, models can play several roles in software develop-
ment: diagrams for analysis, can be reverse-engineered from source code, or can
be used for code generation. In this work, we focus on models for code genera-
tion. When models are used for code generation, locating features or addressing
bugs at the model level must not be neglected.

Therefore, specific feature and bug localization approaches for model-based
systems are necessary. Moreover, since there is a lot of work done for code-
based systems, we can study how to apply those techniques to feature and bug
localization approaches for model-based systems. In addition, taking into account
the issues that our industrial partners have when locating features or bugs, we

5



Chapter 1. Introduction

have realized that both the design time models and the runtime models must be
considered.

In this dissertation, we move in this direction by addressing three research
questions related to these challenges:

Research Question 1: How does the use of runtime traces gives valuable addi-
tional information on only static program/models in Feature Location?

Research Question 2: To what extent are the techniques for bug localization that
are used in program code applicable to software based on models as well?

Research Question 3: How can we best locate bugs in model-based systems that
are subject to dynamic reconfigurations?

1.3 Contribution

Figure 1.1 shows a summary of what we have done in this thesis. Our starting
point is FLIMEA [6].

Dissemination

Challenges and solutions proposed of solutions

Design tim i

esign time Runtime | —— DFL

SAM '16 [9]
Feature Localization ECMFA '17 [10]

__BLIMEA

o ISD '17 [11]

Bug Localization

g SoSyM '19 [12]

... EBRo

Challenge '

Solutlos:'n . starting point .this thesis MODELS 18 [13]

Figure 1.1: Our feature and bug localization challenges

To address Research Question 1, the FLiM-RT challenge, we present Dynamic
Feature Localization [7, 8, 9, 10]: an approach for feature localization in models
at runtime. We use two different techniques to perform dynamic feature localiza-
tion: Dynamic Analysis and Information Retrieval. In addition, we study how the
information extracted from runtime model traces can be used for feature localiza-
tion.



1.4. Research Methodology

To address Research Question 2, the BLiM challenge, we present BLIMEA
[11, 12]: an approach for bug localization in models. The approach is a Multi-
Objective Evolutionary Algorithm that uses information retrieval and the defect
localization principle as fitness functions. First, we evaluate four applications
of the defect localization principle. Second, we take advantage of the domain
information from the model and the metamodel.

To address Research Question 3, the BLiM-RT challenge, we present EBRo
[13]: an approach for bug localization in models at runtime. Specifically, we
focus on bugs that appear as the result of dynamic reconfigurations of the system
due to context changes. The approach for bug localization in reconfigurations is
an evolutionary algorithm. We guide the evolutionary algorithm with a fitness
function that measures the similarity to the description of the bug report.

We have also evaluated the presented contributions with our industrial part-
ners, applying them to industrial product models and using the domain knowl-
edge from their domain experts. The contributions have been developed within
national and international research projects aligned with the research performed
in this dissertation. The contributions have been shared with the research commu-
nity in the form of conference and peer-reviewed journal publications. Finally, we
have identified different challenges that remain unaddressed in this dissertation
and that constitute our ongoing research.

1.4 Research Methodology

For the development of this thesis work, we have followed the methodological
structure for the development of doctoral theses proposed by Wieringa in [14]. It
is a cyclical and iterative methodology and consists of the following phases:

Research problem analysis. In this phase, the main topics to be investigated are
searched and the research questions are formulated.

Research design and inference design. In this phase, each one of the empirical
studies has been developed in order to answer the research questions for-
mulated.

Validation of research and inference design. We have validated our studies with
the datasets from our industrial partners. In addition, these studies have been
validated with the publication of the results.



Chapter 1. Introduction

Research execution. Studies in feature and bug localization have been carried
out, applying several techniques at both design time and runtime. The result
is seven research papers.

Data analysis. Empirical studies have shown results that have allowed us to ob-
tain answers to our research questions. In addition, they indicate the direc-
tion to follow in the software maintenance tasks studied at the model level.

The cyclic process described above has been developed iteratively based on the
initial empirical study. However, the knowledge produced (the results obtained)
has led the research to take into account new perspectives.

Following the cycle defined by Wieringa in [14], the first cycle began with
the awareness of the problem in an industrial environment where the software
is developed under the MDD paradigm. Initially, the problem to be solved was
identified and the study was designed to obtain answers to the associated research
questions. The results obtained in this cycle triggered new problems for investi-
gation. These new problems have been designated as starting points for further
research works.

In this thesis, we tried to solve the problem of feature and bug localization in
model-based systems. The companies that develop systems based on models have
the advantages of working at a high level of abstraction compared to working at
the code level. However, the disadvantage is that there are no approaches to per-
form maintenance activities such as feature or bug localization. Recent surveys in
feature and bug localization [4, 5] do not identify any. The main objective of this
thesis is to contribute in developing solutions to perform feature and bug localiza-
tion. Finally, the artifacts produced in this thesis are three approaches for feature
and bug localization based on models that takes into account the techniques used
in program code based approaches and the context are the models that can be used
for code generation (models at design time) and in models at runtime.

1.5 Overview of the Work

Figure 1.2 shows an overview of the work performed as part of this dissertation. It
is structured in five different rows: row 1 identifies the challenge that is addressed;
row 2 shows the research questions about the challenge; row 3 lists the scientific
publications generated; row 4 lists the research projects where the work has been
contributed to; row 5 lists the industrial partners where the solutions have been
evaluated.



1.5. Overview of the Work

Dynamic Feature Localization Bug Localization
Challenge . .
in Models in Models
Research RQ1: Using information RQ2: Applicability | RQ3: Systenjs with
. g of source code dynamic
Questions from runtime traces . ) .
techniques reconfigurations

MRT '15 | | MRT '16 | | SAM '16 | | ECMFA '17 I1SD '17 MoDELS '18 SoSyM '19

Publications
SANER '16

Model-Driven Variability Extraction for Software Product Line Adoption
Spanish National R+D+i Plan and ERDF funds - TIN2015-64397-R

Funded VARIAMOS:
research

projects REVaMP? :

Round-trip Engineering and Variability Management Platform and Process
Information Technology for European Advancement - ITEA 3 Call 2

Home Appliances Grou
BSH: o y

Industrial Induction hob firmware variability extraction and management tool

partners

CAF: \Variability modeling, code generation and evolution for railway system software

Figure 1.2: Overview of our contributions

For the first challenge (Dynamic Feature Localization in Models), one research
question is identified (RQ1) and four publications are presented in chronological
order (MRT 15 [7], MRT’16 [8], SAM’16 [9], and ECMFA’17 [10]). For the
second challenge (Bug Localization in Models), two research questions are iden-
tified (RQ2, and RQ3) and three publications are presented in chronological order
(ISD’17 [11], MoDELS’18 [13], and SoSyM’19 [12]). In addition, there is a
transverse publication (SANER’16 [15]), which was the base for detecting these
challenges.

The work presented in this dissertation has made contributions two projects:
VARIAMOS, a Spanish national research project whose objective is the extrac-
tion of variability in the form of model fragments to achieve the adoption of SPL
approaches; and REVaMP2, an international ITEA 3 Call 2 project whose main
objective is the creation of a holistic platform and process for variability extraction
and management over time.

The work presented in this dissertation was evaluated with the collaboration
of two industrial partners: BSH, the leading manufacturer of home appliances in
Europe with whom we have collaborated in the creation of a variability extraction
and management tool for induction hob firmware; and CAF, a worldwide provider
of railway solutions with whom we have collaborated in the creation of a solution
for managing the variability of the existing software in the railway systems.
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1.6 Structure of the dissertation

This dissertation is divided into five parts:

Part I presents the introduction and some background and then discusses the
state of the art.
1 Introduction This section introduces the motivation for the dissertation,
the challenges that are addressed, the contribution, the overview of the work
done, the methodology followed and the structure of the dissertation.
2 Background This section presents some background related to the topics
covered in the dissertation. Specifically, we present Model Driven Engi-
neering (MDE), Models at runtime, and Information Retrieval.
3 State of the Art This section discusses the state of the art in relation to the
scope of this dissertation (feature localization at runtime, bug localization
at design time and bug localization at run time) and motivates the solutions
presented.

Part II focuses on Feature and Bug Localization in Models.
4 Overview of the approaches This chapter presents the outline of the dis-
sertation, the running example used to illustrate the approaches, and some
feature and bug examples.
S Dynamic Feature Localization in Models This chapter presents the dy-
namic feature localization approach at the model trace level and at the model
level.
6 Bug Localization in Models with an Evolutionary Algorithm This
chapter presents the bug localization approach in design time models.
7 Evolutionary Algorithm for Bug Localization in the Reconfigurations
of Models at Runtime This chapter presents our bug localization approach
in reconfigurations for systems with models at runtime.

Part III focuses on case studies and evaluation.
8 Case Studies This chapter introduces the domains in which we have eval-
uated our approaches.
9 Evaluations This chapter presents the details of the evaluations performed
to validate our approaches, the measurements and the statistical analysis
used, and the results obtained.

Part IV presents the discussion and conclusion.
10 Discussion This chapter includes the lessons learned, the issues and find-
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1.6. Structure of the dissertation

ings detected with our approaches, and some comparisons to other works.
11 Conclusion This chapter includes the conclusion, the recapitulation of
the research questions presented and their answers, the next steps in the
research, and the related publications.

Part V includes the eight papers selected for the dissertation.
12 Dynamic Feature Localization in Models This chapter includes the five
papers published in relation to the challenge of dynamic feature localization
in models.
13 Bug Localization in Models This chapter includes the three papers pub-
lished in relation to the challenge of bug localization in models.
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Chapter 2. Background

2.1 Overview

In this chapter the background of the dissertation is introduced. The background
in this case is conformed by the approaches that are related to the objectives of
this work. Therefore, this chapter provides a basic background for understanding
the overall dissertation work. Specifically, we present Model Driven Engineering
(MDE), Models at runtime, and Information Retrieval.

First, we present Model Driven Engineering, which is a software development
methodology that focuses on creating and exploiting domain models, which are
conceptual models of all the topics related to a specific problem.

Second, we present Models at runtime, which is a paradigm that seeks to ex-
tend the applicability of models produced in model driven engineering approaches
to the runtime environment.

2.2 Model Driven Engineering

Model-driven engineering (MDE) is a software development methodology that
focuses on creating and exploiting domain models, which are conceptual models
of all the topics related to a specific problem.

The MDD methodology aims to increase productivity by maximizing compat-
ibility between systems, simplifying the design process (through models of design
patterns that are repeated in the application domain), and promoting communica-
tion between individuals and teams working in the system (through standardiza-
tion of terminology and best practices in the application domain).

One of the best-known MDD initiatives is the model-driven architecture (MDA)
of the Object Management Group (OMG) [16]. MDA is a specific realization of
the Model Driven Development (MDD) [17] paradigm. Both MDD and MDA are
within the MDE methodology [18].

The term Model Driven Engineering was introduced by Kent in [18] and it has
been widely used in the literature for referring a more general approach to MDD
than the one proposed by MDA. Models and model transformations are also at
the center of this approach. As stated in [19], “the strong interest in models relies
in the hope of being able to bridge the gap between words and codes”. In words
of Fondement [20], MDE “attempts to organize new efforts in these directions
by proposing a framework (1) to clearly define methodologies, (2) to develop
systems at any level of abstraction, and (3) to organize and automate the testing

14



2.2. Model Driven Engineering

and validation activities”. In general, there is not any specific characteristic which
differentiates the approaches referred as MDE and as MDD.

But the arrival of the MDD and MDA changed the way of using models in
the development of software. As stated by Agrawal [21]: “the models are not
merely artifacts of documentation, but ’living documents’ that are transformed
into implementations. This view radically extends the current prevailing practice
of using UML: UML is used for capturing some of the relevant aspects of the
software, and some of the code (or its skeleton) is automatically generated, but the
main bulk of the implementation is developed by hand. MDA, on the other hand,
advocates the full application of models, in the entire life-cycle of the software
product.”

The rise of all these methodologies suggest that this could be the right way to
increase the productivity and the quality in the software development area.

2.2.1 Domain Specific Languages

Domain specific languages play key role in several of the MDD approaches. Ac-
cording to [22], a domain specific language (DSL) is “a programming language
or executable specification language that offers, through appropriate notations and
abstractions, expressive power focused on, and usually restricted to, a particular
problem domain.”

DSLs are not a new topic, but the current stress on MDD have focused the in-
terest of both academy and industry on this kind of languages. As stated by [22],
the older programming languages all came into existence as dedicated languages
for solving problems in a certain area. DSLs are tightly related to the Domain En-
gineering field. In words of Tolvanen [23], the main focus of Domain Engineering
is finding and extracting domain terminology, architecture and components. It is
important to note that two point of view when dealing with the domain concept
can be considered [24]:

Conceptual domain. From this point of view, a domain is a set of interrelated
real-world concepts. For instance, the health-care domain contains con-
cepts like “medical center”, “patient”, “disease”, “medicament”, etc. As
another example, the industrial factory domain contains concepts like “prod-

uct line”, “stock”, “worker”, etc.

Systems domain. From this point of view, “a domain is characterized by a set
of systems that share some common defining features” [24]. These systems
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usually address a common problem area and conceivably share a common
solution structure. In this case, we can talk about the expert systems do-
main, the database-based systems domain, the control/monitoring systems
domain, the software games domain, etc.

Many benefits due to the use of DSLs can be found in the literature. For
instance, according to [22]:

* DSLs allow solutions to be expressed in the idiom and at the level of ab-
straction of the problem domain. Consequently, domain experts themselves
can understand, validate, modify, and often even develop DSL programs.

* DSL programs are concise, self-documenting to a large extent, and can be
reused for different purposes.

* DSLs enhance productivity, reliability, maintainability, and portability.

* DSLs embody domain knowledge, and thus enable the conservation and
reuse of this knowledge.

* DSLs allow validation and optimization at the domain level.

But some drawbacks have been also identified. These drawbacks are related
to the associated cost (for designing, implementing, and learning the DSL) and
the specific nature of the language (possible lack of expressiveness and/or loss of
efficiency).

Some researchers think that “the success of visual notations as commonly used
domain specific languages is contingent on making similar tools and concepts for
visual languages a commodity that can be readily used and understood by a wide
audience, effectively lowering the initial hurdle to adoption [25]. Hopefully, the
number and quality of tools for implementing DSLs is growing and, therefore, a
widely use of DSLs could be foreseen.

2.3 Models at Runtime

In MDE, a model is an abstraction or reduced representation of a system that is
built for specific purposes. The models at runtime community shares this view of
what constitutes a model and seeks an understanding of the roles that such models
can play at runtime [26].

16



2.3. Models at Runtime

The models should represent the system and should be linked in such a way
that they constantly mirror the system and its current state and behavior. If the
system changes, the representations of the system, the models, should also change,
and vice versa. It is critical that such representations be causally connected. This
is an important requirement for adaptive systems for two reasons:

* the model as interrogated should provide up-to-date and exact information
about the system to drive subsequent adaptation decisions; and

* if the model is causally connected, then adaptations can be made at the
model level rather than at the system level.

Runtime models can support adaptation decisions by humans through adap-
tation agents embedded in the system itself or through combinations of both.
The trend is to support increasing automation of decision making with respect
to adaptation of systems as captured by the impulse towards autonomic comput-
ing, wherein agents may learn appropriate strategies for effective systems man-
agement. Models at runtime offers and important contribution to the field of auto-
nomic computing providing metainformation to drive autonomic decision making
[26].

2.3.1 Autonomic computing and reconfigurations

Autonomic computing has evolved as a discipline to create software systems and
applications that self-manage in a bid to overcome the complexities and inabil-
ity to maintain current and emerging systems effectively. To this end autonomic
endeavors cover the broad span of computing from end-to-end applications to in-
frastructure middlewares and are already demonstrating their feasibility and value.

To achieve autonomic computing, IBM suggested a reference model for auto-
nomic control loops [27], which is sometimes called the MAPE-K (Monitor, An-
alyze, Plan, Execute, Knowledge) loop. This model is being used more and more
to communicate the architectural aspects of autonomic systems. The MAPE-K
autonomic loop is similar to, and probably inspired by, the generic agent model
proposed by Russel and Norvig [28], in which an intelligent agent perceives its en-
vironment through sensors and uses these percepts to determine actions to execute
on the environment.

In the MAPE-K autonomic loop, the managed element represents any software
(i.e. models at runtime) or hardware resource that is given autonomic behavior
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by coupling it with an autonomic manager. Actuators carry out changes to the
managed element.

The data collected by the sensors allows the autonomic manager to moni-
tor the managed element and execute changes through actuators. The autonomic
manager is a software component that ideally can be configured by human ad-
ministrators using high-level goals and uses the monitored data from sensors and
internal knowledge of the system to plan and execute, based on these high-level
goals, the low-level actions that are necessary to achieve these goals. The internal
knowledge of the system is often an architectural model of the managed element,
and the goals are usually expressed using Event Condition Action rules [29].

2.4 Information Retrieval

Information Retrieval (IR) is the task, given a set of documents and a user query, of
finding the relevant documents. There are many information retrieval techniques:
program analysis dependencies [30, 31, 32, 33], textual similarity [34, 35, 36, 37],
trace analysis [38, 39, 40, 41], type systems [42, 43, 44, 45] or propositional logic
[46, 47, 48, 49]. In this work, we focus on information retrieval techniques based
on textual similarity.

The IR techniques based on textual similarity, are based on mathematical and
statistical methods to determine the similarity between different collections of
texts. Three of the most popular IR techniques are: Vector Space Model (VSM)
[50], Latent Semantic Indexing (LSI) [51] or Latent Dirichlet Allocation (LDA)
[52].

The Vector Space Model (VSM) [50] is an algebraic model, in which a docu-
ment D is represented as an m-dimensional vector, where each dimension corre-
sponds to a distinct term and m is the total number of terms used in the collection
of documents. The document vector is written as, where w; is the weight of term ¢;
that indicates its importance. If document D does not contain term 7; then weight
w; 1S zero.

The Latent Semantic Indexing (LSI) [51] takes into account the number of
occurrences of a series of keywords or ’queries’ in long texts or ’"documents’. As
a result, LSI can be used to obtain measures of similarity between the names (or
descriptions) of the features and the source code that implements them.

The Latent Dirichlet Allocation (LDA) [52] is a ’generative probabilistic model’
of a collection of composites (documents) made up of parts (words and/or phrases).
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The probabilistic topic model estimated by LDA consists of two tables (matri-
ces). The first table describes the probability or chance of selecting a particular
part when sampling a particular topic (category). The second table describes the
chance of selecting a particular topic when sampling a particular document or
composite.

The current results are ambiguous and contradictory about which technique
provides the best performance [53]. However, some works state that LSI per-
forms better working with bug reports [54] or with text [55], while VSM works
better with source code. This is due to the reason that VSM works very well in
case of exact match while LSI retrieves relevant documents based on the semantic
similarity.

We decided to apply Latent Semantic Indexing (LSI) to analyze the relation-
ships between the description of the features and the bugs provided by the user
and the model. This decision is because of product models are representations
at a higher abstraction level than the source code, and the language used to build
them is closer to the bug description language; similar to text.
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Chapter 3. State of the Art

3.1 Overview

This chapter presents the state of the art related to this dissertation. This is di-
vided taking into account the two main challenges: dynamic feature localization
in models and bug localization in models. Both challenges are highly related,
both are common tasks in software maintenance, and both pursue the fact to find a
target artifact related to other artifacts. Although the solutions can be interchange-
able, each of them has been developed focusing on one of the challenges. In other
words, you can use a feature localization approach to locate bugs. However, this
approach may not take into account special properties for bug localization that are
not necessary for feature localization.

Design time Runtime

Koschke '05 Liu '07 Poshyvanyk '07|

Feature Localization

Revelle '10 Asadi '10 Dit '13

Rao '11 Sisman '12 Zhou '12

Alves '11 Gong '12 Mao '14

Bug Localization Kim '13 Saha '13

Le'1l5 Wang '16 Hoang '18

Burgefio '15 Lam '17

Figure 3.1: Overview of the works related to this dissertation

Figure 3.1 shows an overview of the related works. These works are presented
in the next sections separated by the challenges. In addition, all of the works are
going to be described as follows:

Identifier:  The name of the work that appears in Figure 3.1.
Technique: The technique or techniques used to locate features or bugs.

Artifact: The type of the artifacts used as input, they can be code or models.
Program code [[JModels []

Input: The artifacts that have to be provided to perform the localization.

Output: The results and how are they outputted by the technique used.

Application: The domain in which they evaluate their technique.
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3.2 Feature Localization at Runtime

There are many research efforts in dynamic feature location techniques. Most
of these works are based on program-code analysis. Usually, this kind of works
combines several techniques for feature location.

Kosche and Quante [33] developed a semi-automatic technique that combines
static and dynamic analysis techniques. They use formal concept analysis (FCA)
to explore the results of the dynamic analysis.

Identifier:  Koschke "05
Technique: Dynamic and formal concept analysis.
Artifact: Program code ¥ , Models [J

Input: Execution trace from a scenario.
Output: List of basic blocks executed and the number of executions of each
one.

Application: Two compilers: sdcc and ccl.

Liu et al. [34] combine information from an execution trace and from the
comments and identifiers from the source code. They executed a single scenario
which executes the desired feature. All the executed methods are identified based
on the collected trace using Latent Semantic Indexing (LSI). The result is a ranked
list of executed methods based on their textual similarity to a query.

Identifier: Liu 07

Technique: Dynamic analysis and information retrieval.

Artifact: Program code ¥ , Models [J

Input: Developer query and an execution trace from a scenario.
Output: Ranking of methods that appear in the execution trace.
Application: jEdit and Eclipse.

Poshyvanyk et al. [41] introduced the probabilistic ranking of methods. Their
approach is based on execution scenarios and information retrieval. The result is a
rank of program elements, their approach can varied the parameters to give more
weight to the probabilistic ranking or to information retrieval.

Identifier:  Poshyvanyk 07

Technique: Probabilistic ranking and information retrieval.
Artifact: Program code ¥ , Models [J

Input: Developer query and an execution trace from a scenario.
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Output: Ranking of program element.
Application: Eclipse and Mozilla.

Revelle et al. [36] apply data fusion for feature location. Their technique
combines information from textual, dynamic, and web mining analysis applied to
a software system. Their input is a single scenario that executes the feature; after
running the scenario, they constructed a call graph that contains only the methods
that were executed. Then, they apply a web-mining algorithm, and the system
filters out low-ranked methods. The remaining set of methods is scored using LSI
based on their relevance to the input query that describes de feature.

Identifier:  Revelle "10

Technique: Dynamic and web mining analysis, and information retrieval.
Artifact: Program code ¥ , Models [

Input: Developer query and an execution trace from a scenario.
Output: Ranking of executed methods.

Application: Two java systems: Eclipse and Rhino.

Asadi at al. [56] proposed a feature location technique that identifiers cohesive
and decoupled fragments from execution traces which are related to concepts.
The trace is preprocessed to remove irrelevant methods and to compress the trace.
Then, the trace is used as an input for a genetic algorithm. The fitness function
used is based on a conceptual cohesion metric. The result is a set of fragments
that contain methods that are highly cohesive, and which are highly decoupled
with other fragments.

Identifier:  Asadi ’10

Technique: Dynamic analysis and genetic algorithm.
Artifact: Program code ¥ , Models (]

Input: Execution trace from a scenario.

Output: Fragments of methods.

Application: Two java systems: ArgoUML and JHotDraw.

Dit et al. [57] present a data fusion model for feature location that is based on
the idea that combining data from several sources in the right proportions will be
effective at identifying a feature. The data fusion model defines different types of
information that can be integrated to perform feature location including textual,
execution, and dependence. Textual information is analyzed by information re-
trieval, execution information is collected by dynamic analysis, and dependencies
are analyzed using link analysis algorithms.
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Identifier: Dit’11
Technique: Dynamic analysis, information retrieval, and link analysis algo-

rithms.
Artifact: Program code 1 , Models [
Input: Developer query and an execution trace from a scenario.
Output: Ranking of methods.

Application: Three java systems: Eclipse, Rhino and jEdit.

3.2.1 Motivation of our dynamic feature localization on model
approaches

Similarly to our techniques, all of the dynamic feature location approaches pre-
sented above use information from different sources. First, they delimit the search
space by applying some dynamic analysis technique. Thus, they take advantage
of the runtime information, in the same way that we do. Then, they present their
results in the form of sets or rankings of methods or program elements.

However, we have detected that none of the presented approaches take advan-
tage of the use of models at runtime. In fact, a recent survey [58] reveals that none
of the approaches under their study leverage models at runtime for feature (or bug)
localization. Models at runtime correspond to the models that contain knowledge
about the environment and the system itself. They support learning of that knowl-
edge [59]. Hence, models at runtime can be a great source of information since
they can be traversed and consulted to provide up-to-date information.

In addition, the language used to define the models is closer to the natural lan-
guage than the program code. Then, the information retrieval techniques used in
the presented works could obtain more accurate results applied to models. To ad-
dress the dynamic feature location in systems with models at runtime, we propose
the adaptation of program-code feature location techniques to work with mod-
els at runtime. Specifically, we use dynamic feature location to extract execution
model traces and information retrieval to filter the relevant model elements for the
desired feature. As a result, the user obtain a ranked list of model elements related
to the feature to be located.

3.3 Bug Localization at Design time

In recent years, many bug localization approaches have been proposed [5]. These
approaches are usually IR-based approaches, and some of them add the defect lo-
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calization principle. Since our bug localization approach applies these techniques,
in this section, we review some relevant works in the literature.

Rao and Kak [60] apply information retrieval for bug localization. They com-
pare five basic IR models, and some variants thereof, for retrieval from software
libraries for the purpose of bug localization.

Identifier: Rao’1l1
Technique: Information retrieval.
Artifact: Program code ¥ , Models (]

Input: Bugs with textual descriptions, names of patch files that correspond
to the bugs, and the source files that form the entire library.
Output: Ranking of retrieved files.

Application: iBUGS, a benchmarked bug localization dataset.

Sisman and Kak [61] include the defect localization principle in their ap-
proach. They utilize time decay in weighting the files in a probabilistic infor-
mation retrieval model.

Identifier:  Sisman *12
Technique: Information retrieval and defect localization principle.
Artifact: Program code ¥ , Models [

Input: Set of reported bugs, the collection of the files relevant for these
bugs.
Output: Ranking of retrieved files.

Application: iBugs dataset for Aspect].

Zhou [62] perform bug localization applying a information retrieval technique.
They propose Buglocator. Their approach uses an initial bug report to rank pro-
gram code files in descending order based on their relevance to the bug report.

Identifier: Zhou 12
Technique: Information retrieval.
Artifact: Program code ¥ , Models (]

Input: Set of reported bugs, the collection of the files relevant for these
bugs.
Output: Ranking of retrieved files.

Application: Eclipse, Aspect], SWT and ZXing.

Kim et al. [63] propose a one-phase and two-phase prediction model to recom-
mend files to fix. In the one-phase, they create features from textual information
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and metadata of bug reports, apply Nave Bayes to train the model using previously
fixed files as classification labels, and then use the trained model to assign multi-
ple source files to a bug report. In the two phase, they first apply their one-phase
model to classify a new bug report as either "predictable’ or ’deficient’ and then
make predictions only for ’predictable’ reports.

Identifier: Kim ’13
Technique: Machine learning and information retrieval.
Artifact: Program code I , Models [

Input: Set of reported bugs, the collection of the files relevant for these
bugs.

Output: Set of files to fix where each file is associated with a probability of
being the file to fix.

Application: Mozilla "Firefox’ and *Core’ packages.

Saha et al. [64] introduce an automatic bug localization tool based on the con-
cept of structured information retrieval. They extract and model code constructs
like structured documents, and we show how a seemingly trivial change to how
camel case identifiers are indexed yields significantly improved localization accu-
racy.

Identifier: Saha’13
Technique: Information retrieval.
Artifact: Program code ¥ , Models [J

Input: Set of reported bugs, the collection of the files relevant for these
bugs.
Output: List of ranked files.

Application: Eclipse, Aspect], SWT, and ZXing.

Burguefio et al. [65] present a static approach to trace errors in model trans-
formations. Taking as input elements an ATL model transformation and a set of
constraints that specify its expected behavior. Their approach automatically ex-
tracts the footprints of both artifacts and compares transformation rules and con-
straints one by one, obtaining the overlap of common footprints. The output is
three matching tables that can be used by the software engineer to trace the rules
that can be the cause of broken constraints due to faulty behavior.

Identifier:  Burguefio "15
Technique: Matching tables using meta-model footprint of the constraints and
the transformation rules.
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Artifact: Program code []Models &1

Input: Set of model transformation and constraints.
Output: List of rules of a model transformation that may be the cause of a
faulty behavior.

Application: UML2ER, CPL2SPL, BT2DB, and Ecore2Maude.

Lam et al. [66] present an approach that uses deep neural network (DNN) in
combination with an information retrieval technique, rVSM. rVSM collects the
feature based on the textual similarity between bug reports and source files. DNN
is used to learn ro relate the terms in bug reports to potentially different code
tokens and terms in source files.

Identifier: Lam’17
Technique: Deep neural network and information retrieval.
Artifact: Program code ¥ , Models [J

Input: Set of reported bugs, the collection of the files relevant for these
bugs.
Output: Top-ranked files.

Application: Aspect], Birt, Eclipse UI, JDT, SWT, and Tomcat.

3.3.1 Motivation of our bug localization on design time model
approach

Similar to the previous section, all of these bug localization approaches use infor-
mation from different sources. In the same way, most of them combine different
techniques to locate bugs, as we do. Then, their output is a ranking of files relevant
for the bug.

Only one of the approaches presented takes into account models, specifically,
model transformation as the source of the bug. The res of the above works present
approaches that only take into account the source code as the artifact that rep-
resents the bug. A recent survey [5] reveals that none of the bug localization
approaches takes into account models as the source of the bugs. When models
are used for code generation, addressing bugs at the model level must not be ne-
glected.

We developed an approach that applies similar techniques (defect localiza-
tion principle and information retrieval) on models. Specifically, we use a multi-
objective evolutionary algorithm that uses both the similarity to the bug report and
the timespan weighting as fitness functions. As a result, the user obtains a ranked
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list of model fragments. This list can be ordered following the similarity to the
bug report or the most recent model fragment modifications.

Our approach and the approach presented in [65] are complementary. If we
use a model with a bug to generate program code, the bug will be transferred to
the code. In the same way, if we use a transformation rule with a bug to generate
program code, the bug will be transferred to the code. Hence, when we work with
models for generating program code, it is important to ensure that there is no bugs
in the model or in the transformations that will generate the program code.

3.4 Bug Localization at Runtime

With the massive size and scale of software systems today, traditional fault lo-
calization techniques are not effective in isolating the root causes of bugs [5].
Sometimes, with design time approaches, we include extra information not rele-
vant for a bug that occurs at runtime. To exclude this extra information, we need
approaches that take into account the runtime behavior. Some of these approaches
are the following.

Alves et al. [67] combine dynamic slicing and spectrum-based techniques.
They rank all of the statements in a program based on their level of suspicious-
ness, which is calculated by using a spectrum-based technique (the Tarantula tech-
nique). Then, they generate a dynamic slice with respect to a failure-indicating
variable at the failure point. The statements that are not in the slice are removed
from the ranking to reduce the search domain.

Identifier:  Alves ’11

Technique: Dynamic slicing and spectrum-based.

Artifact: Program code ¥ , Models [

Input: Test suite coverage information.

Output: Covered statements ranked in order of suspiciousness.

Application: 50 subjects obtained from 2 applications from the Software-artifact
Infrastructure Repository.

Gong et al. [68] propose an interactive localization technique called TALK.
This approach incorporates programmers’ feedback into spectrum-based fault lo-
calization techniques. When the programmer receives the ranking of program ele-
ments that can cause the bug, he or she can judge the correctness of each element
and provide this information as feedback to reorder the ranking.
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Identifier: Gong 12

Technique: Incorporates user feedback to spectrum-based fault localization.

Artifact: Program code M , Models [J

Input: Program spectra.

Output: Ranked list of suspicious program elements.

Application: Five real C programs and seven Siemens test programs from the
Software-artifact Infrastructure Repository.

Mao et al. [69] use dynamic slicing and statistical bug localization. They
utilize program slices of a set of test runs to capture the influence of a program
entity’s execution on the output, and they use statistical analysis to measure the
level of suspiciousness of each program entity being faulty. Their approach is
called approximate dynamic backward slice.

Identifier: Mao 14
Technique: Dynamic slicing and statistical bug localization.
Artifact: Program code ¥ , Models [J

Input: Program slices (a particular execution of a program in a specific
input).

Output: A ranking list of all statements in descending order of their suspi-
ciousness.

Application: Two standard benchmarks from the Siemens suite and space, and
three UNIX utility programs.

Leetal. [70] and Hoang et al. [71] combine information retrieval and spectrum-
based techniques. In [70, 71], they present two approaches that utilize multimodal
information from both bug reports and program spectra to localize bugs.

Identifier: Le 15 and Hoang 18

Technique: Information retrieval and spectrum-based.

Artifact: Program code ¥ , Models (]

Input: Bug reports and program spectra.

Output: Ranked list of methods.

Application: Aspect], Ant, Lucene, Rhino, Lang, Math, and Time.

Wang and Lo [72] include the Defect Localization Principle in their approach.
They present Amal.gam+, which is a method for locating relevant buggy files
that puts together fives sources of information: version history, similar reports,
structure, stack traces, and reporter information.
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Identifier: Wang '16

Technique: Bug prediction, information retrieval, structured retrieval for bug
localization, and reporter’s information.

Artifact: Program code 1 , Models [

Input: A bug report to be localized, a set of source code files of the system,
a history of commits made to the system, and a set of older bug
reports stored in a bug tracking system.

Output: Ranking of files.

Application: Aspect], Eclipse, SWT, and ZXing.

3.4.1 Motivation of our bug localization on models at runtime
approach

All of the above works take advantage of execution information to perform bug
localization. They combine several known techniques for bug localization while
our approach uses information retrieval as the fitness function for an evolutionary
algorithm.

In addition, as in the previous section, none of the approaches takes into ac-
count the models or their reconfigurations at runtime as the source of the bugs. In
many systems with models at runtime, the model experience reconfigurations at
runtime due to context changes being these reconfigurations a source of bugs. A
recent Search-based Model-driven Engineering survey [73] reveals that none of
the bug localization approaches take into account the bugs caused by the recon-
figurations of a models at runtime system.

Our approach is focused on locating bugs that appear as the result of dynamic
reconfigurations of the system due to context changes. It is an evolutionary algo-
rithm guided by a fitness function that considers the similarity to the description of
the bug report. The output is a ranked list of reconfiguration sequences intended
to identify the reconfiguration rules that are relevant to the bug.
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Chapter 4. Overview of the approaches

4.1 Overview

This chapter presents the overview of the approaches that are going to be presented
in the following chapters. We identify the main elements of each of the approaches
and present an outline that we will use for explaining each of them.

In addition, this chapter presents the running example that will be used to
illustrate the approaches. Specifically, we present our running example extracted
from one of our industrial partners, BSH.

Finally, this chapter also presents three examples: (1) a feature example, (2) a
bug example, and (3) a bug in reconfigurations example. All of them are illustrated
using the BSH domain.

4.2 Qutline for this dissertation

Table 4.1 shows the outline for this dissertation. The work done has been devel-
oped in model-based systems, and it is divided in two topics: Feature localization
and Bug Localization. The rest of the columns are explained in the following
paragraphs.

Approach. The approach column shows the name of the approaches. Each of the
approaches proposes a process that try to solve one of the challenges. The
process followed is different in each case. Figure 4.1 shows the relationship

/ Approach \

Search strategy

Input > ) >»| Output
Population Assessment

- /

Figure 4.1: Overview of each of the approaches

among all the elements that appear in the columns of the Table 4.1. The
input, the population, the search strategy, the assessment and the output
are specific for each of the approaches. Hence, we can define each of the
approaches by specifying each of these elements.
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Input. The input column shows the artifacts that have to be provided to the ap-

proach to perform the localization. The artifacts are where the feature or
bug will be located, and the information that has to be provided about the
feature or the bug that is going to be located.

The domain experts have to identify and provide the artifact that contains
the feature, or the bug being located. In addition, they have to provide the
information that will be used to guide the approach. Some of this informa-
tion will vary depending on the type of artifacts where the feature of the bug
will be located and the information available. Therefore, depending on the

Feature localization

Bug localization

= BLiMEA: _EBRo:
) DFL: N Evolutionary algorithm
s . Bug Localization in Lo
£ | Dynamic Feature . for Bug localization in
=y . Models with an .
S Localization . . the Reconfigurations
< Evolutionary Algorithm .
of models at runtime

2 | - Models _ Models - Re?c.onﬁguratlon rules
£ | - Feature description | - Bug report - Initial model
= p grep - Bug report

- Models - Model fragments - Reconfiguration

- Model elements sequences

- Dynamic analysis

- Multi-objective

evolutionary algorithm

- Evolutionary algorithm

Assessment |Search Strategy | Population

- Information
- Information retrieval ) .
. . - Information retrieval
retrieval - Defect localization
principle
+ | - Ranking of model ) - Ranking of
2, £9 - Ranking of model £
& | elements with values reconfiguration
= fragments
© | above threshold sequences

Table 4.1: Outline of the dissertation
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Chapter 4. Overview of the approaches

information available, the experts will select different sources of informa-
tion.

Population. The population column shows the form of the individuals of the pop-
ulation. Each individual of the population is a candidate for the solution.
Therefore, as each individual of the population can be a solution, we can
see the population as the search space in which we are going to locate the
feature or the bug.

Search strategy. The search strategy column shows the technique used to explore
the search space. In the majority of the industrial domains, the search space
can be huge. For example, in a model with 100 elements, there are 10%
candidates for a feature realization.

As the search space can be very large, we use the search strategy in order
to allows us to obtain a smaller search space or to help us to explore it in an
optimal way.

Assessment. The assessment column shows the heuristic used to evaluate each
individual of the population. To do so, the approach assigns a value to each
of the solution candidates based on their quality as the artifact that contains
the feature of the bug.

Output. The output column shows the artifacts that are shown to the user of the
approach. As there are not a perfect approach that obtains the perfect solu-
tion for the feature of the bug that we want to locate, the approaches provide
the results in the form of rankings of possible solutions.

In the next part of this dissertation, we are going to present the contributions
by means of the approaches of the Table 4.1, following each row of the table and
specifying each one of the elements of the columns.

4.3 Running example

This section presents the Induction Hobs Domain, including the Domain Specific
Language used by our industrial partner, BSH, to specify their product models.
The language and graphical representations presented in this section will serve as
the basis of the running example used to illustrate the rest of the dissertation.
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4.3. Running example

The newest induction hobs (IHs) feature full cooking surfaces, where dynamic
heating areas are automatically generated and activated or deactivated depending
on the shape, size, and position of the cookware placed on the top. In addition,
there has been an increase in the type of feedback provided to the user while cook-
ing. All of these changes have been made possible at the expense of increasing
the complexity of the software behind IHs.

IHDSL Metamodel IHDSL syntax
Inverter |nd}_LiJ(()380n - Inductor L O
Inverter Inductors
O
Provider Power Consumer K Power
Channel Manager Channel Channels manager
Product Model Model Fragment

D—o—)

Figure 4.2: IHDSL metamodel, syntax, product model, and model fragment real-
ization

The domain-specific language used by our industrial partner to specify the
induction hobs (IHDSL) is composed of 46 meta-classes, 47 references among
them, and more than 180 properties. To gain legibility and due to intellectual
property right concerns, in this section, we show a simplified subset of the IHDSL
(see Figure 4.2, IHDSL metamodel and IHDSL syntax). However, the evaluations
were performed using the full IHDSL that is used in BSH.

Inverters are in charge of transforming the input electric supply to match the
specific requirements of the IH. Then, the energy is transferred to the inductors
through the channels. There can be several alternative channels, which enable
different heating strategies depending on the cookware placed on top of the IH at
runtime. The path followed by the energy through the channels is controlled by
the power manager. Inductors are the elements where the energy is transformed
into an electromagnetic field.
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Chapter 4. Overview of the approaches

The product model in Figure 4.2 depicts an example of a product model that
is specified with the IHDSL. The product model contains four inverters that are
used to power two different inductors. The upper inductor is powered by a single
inverter, while the lower inductor is powered by the combination of three different
inverters. Power managers act as hubs to perform the connection between the
inverters and the inductors.

To formalize the solution of our approach as model fragments, we use common
variability language (CVL) [74, 75], due to its capabilities to formalize a set of
model elements as a model fragment. The model fragment in Figure 4.2 shows an
example of a model fragment of the product model (the product model in Figure
4.2). The model fragment includes the three inverters (in charge of powering
the lower inductor), the three channels, and the power manager that is used to
aggregate and manage the power provided by those inverters. Then, the solution
of our approach is formalized by means of CVL and shown to the engineers.

4.4 Feature and bug examples

This section presents some examples of feature and bugs in the Induction Hobs
Domain.

4.4.1 Feature example

Figure 4.3 shows an example of a feature. The product models that appear on
the left compose the family of induction hobs. In the right upper part appears the
feature description that will be used by the approaches to locate the feature.

Feature description

Double hotplate: group of two inductors
that can work in conjuntion to heat
cookware. Each hotplate is controlled by a
\ power level that is translated to different
power outputs for each inductor depending

I‘T\D\—O on their size and position.

R Feature

~ - - =

Figure 4.3: Example of a feature
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4.4. Feature and bug examples

The bottom right part shows the elements of the feature that corresponds to the
feature description. These model elements form a model fragment. Hence, this
model fragment is the one that realizes the feature.

4.4.2 Bug example

Figure 4.4 shows an example of a bug. The product model that appears on the
left of the timeline is modified to make an improvement in the performance of its
inductors. As a result, another product model is generated.

Product Model 4 Product Model 4 Bug Report 324

h t Title: The slave inductor in
change to
improve bug
perfornmance appears
é > >

double hotplate crashes
Description: ... The induction
hob crashes when the user puts
a pot that covers the master
and slave inductors and selects

the highest power level ...

| |
Timespan between the change I

time
and the creation of the bug report

Figure 4.4: Example of a bug

This product model has a new power manager that connects the small inductor
with the rest of the inverters. After some time of use, a bug appears, and a bug
report is generated. In the reminder of this thesis, the timespan between the change
and the creation of the bug report is called the modification timespan.

4.4.3 Bug in reconfigurations example

Figure 4.5 shows a reconfiguration that occurs in the induction hobs of BSH. In
the initial configuration, the induction hob has two pots on top, heated through
two inductors. The upper inductor is powered with one inverter and the bottom
inductor is powered with three inverters.

When a bigger pot is placed in the upper inductor, the induction hob recon-
figures itself. Another inductor is activated ("R1’), and more energy is needed to
heat pot ("'R2’). Therefore, the second inverter should give power to the upper in-
ductors. However, the second inverter is not disconnected from the bottom power
group (see the cross in Figure 4.5). This situation causes a bug, because when the
user changes the power level of the upper inductors, the same power level will be
applied to the bottom inductors, and vice versa.
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Chapter 4. Overview of the approaches

Context of the induction hob Expected final
Legend ||configuration

" Context change g
% > ; Empty IH

g |87

Pot

Reconfigurations of the induction hob

Legend
[

D—D—( ) Inverter
Q R1 \ % R2 O

[ > D > Inductors

BE 85 RN

Iﬁitial configuratién \‘*final configur\éitjpn

Channels

R1 : newChannelForDoubleInductor(upperPowerGroup,secondaryInductor) O
R2 : redirectPowerFromInverter(secondInverter, upperPowerGroup) Power
manager

Figure 4.5: Example of a context change, a bugged reconfiguration, and the re-
configuration rules performed

This bug was solved by modifying the reconfiguration rule 'R2’ so that in
addition to redirecting the power of the inverter, the inverter is also disconnected
from the previous power group (see expected final configuration in Figure 4.5).
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Chapter 5. Dynamic Feature Localization in Models

5.1 Overview

This chapter presents DFL (see Figure 5.1), our dynamic feature localization ap-
proach for models at runtime [9, 10]. This approach applies Information Retrieval
at model trace level and at model level. As a result, the approach generates a rank-
ing with the most relevant model elements for feature to be located. Next sections
describe the details of the approach.

4 DFL N\

Feature Dynamic analysis Ranking of
description Model model
Models Model elements| L_retrieval > threshold

N /

Figure 5.1: Overview of DFL

5.2 Approach

Figure 5.2 shows an overview of this approach. It is composed of three steps: dy-
namic analysis, information retrieval in the model trace, and information retrieval
in a model from the model trace.

N

. 2. Information Most 3. Information Rancked
1.D
Ani?yiri‘;lc '\.I{l;cizl ——>Retrieval in the Relevant Retrieval in Model
Model Trace Model the Model Elements

Figure 5.2: Overview of the Dynamic Feature Location Approach

In the first step, the software engineers execute a scenario, which involves the
desired feature to be located. The execution information is recorded by a model
trace of snapshots at runtime. Then, the model trace is used as input for the second
step. Using information retrieval, the most relevant model for the target feature
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5.3. Input

is selected from the model trace. This model is used as input for the third step,
which performs information retrieval at the model element level. As a result,
the software engineers obtain a ranked list of model elements from the model,
intended to identify the parts of the model that are significant for the target feature.

5.3 Input

In this approach we have three different inputs for each of the steps. For the first
step, the input is the description of a scenario that will be executed. To describe
the scenario the software engineers can use the description of the feature or their
own knowledge about the domain.

The feature description of the target feature uses natural language. Typically,
these descriptions can come from textual documentation of the products, com-
ments in the code, bug reports or oral descriptions from the engineers. The knowl-
edge of the engineers about the domain and the product models will be useful to
select the textual description from the sources available.

For the second step, the input is the model trace extracted from the running
scenario. Each trace is related to a set of snapshots of the runtime model. In this
work, we compared two criteria to decide when a snapshot of the runtime model
should be added to the trace: (1) configuration criterion, and (2) architecture cri-
terion.

5.3.1 Model traces

In the configuration criterion, the snapshots are added to the trace when the run-
time model corresponds to a target configuration of the system in a reconfigura-
tion. That is, a snapshot is added when the system completes the changes from
one configuration to another. In the architecture criterion, the snapshots are added
to the trace when a change in the runtime model is performed. That is, a snapshot
is added each time a component of the runtime model is deleted or created even if
the model does not correspond to a target configuration of the system.

Figure 5.3 shows two different traces for the same reconfiguration. The upper
part shows a trace composed by the configuration criterion. In the initial configu-
ration, the induction hob has two pots on top, heated through two inductors. The
upper inductor is powered with one inverter and the bottom inductor is powered
with three inverters. When a bigger pot is placed in the upper inductor, the in-
duction hob reconfigures itself. Another inductor is activated, and more energy is
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Chapter 5. Dynamic Feature Localization in Models

Model Trace following the Configuration Criterion

o e

Model Trace following the Architecture Criterion

o———O) D—DEO
P el =

Figure 5.3: Different Model Traces following the different Criterion

needed to heat pot. Therefore, the second inverter should give power to the upper
inductors. The bottom part shows a trace composed by the architecture criterion.
The first snapshot and the last one are the same, as in the upper part of the figure.
However, the rest of the snapshots give more detail on what actions were carried
out in the reconfiguration from the first snapshot to the fourth one.

For the third step, the input is the model extracted from the model trace. This
model is the one that is most relevant for the target feature.

5.4 Population

With this approach we have two types of individuals. For the second step, the
population is composed by models that appear in the execution model trace. In
this step, the goal is to obtain the most relevant model for the target feature.

For the third step, the population is composed by model elements from the
most relevant model. In this step, the goal is to obtain the most relevant model
elements for the target feature.

5.5 Search Strategy

As we presented, this approach is composed by three steps. In step 1: Dynamic
Analysis 1s used to delimit the search space. Execution information is gathered
via dynamic analysis, which is commonly used in program comprehension and
involves executing a software system under specific conditions.
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5.6. Assessment: Information Retrieval

In our case, we design scenarios that run the target features in order to obtain
model traces in which the target features are involved. In other words, executing
the target feature during runtime generates a feature-specific execution trace.

Our approach implies that the software engineer input is needed and of course,
results are sensitive to that input. The software engineer has to decide on a sce-
nario that will run the desired feature.

5.6 Assessment: Information Retrieval

In step 2 and 3 we use Information Retrieval (IR) to asses each model in step 2
and to asses each model element in step 3. The information retrieval technique
used is based on text. Textual information in source code (represented by identi-
fier names and internal comments) embeds domain knowledge about a software
system. In our case, textual information corresponds to the names, attributes and
methods of the model elements. This information can be leveraged to locate the
implementation of a feature through the use of IR. IR works by comparing a set
of artifacts to a query and ranking these artifacts by their relevance to the query.

There are many popular IR techniques such as Vector Space Model (VSM)
[76], Latent Semantic Indexing (LSI) [51] or Latent Dirichlet Allocation (LDA)
[52]. The research findings are ambiguous and contradictory about which tech-
nique provides the best performance [53].

We apply Latent Semantic Indexing (LSI) to analyze the relationships between
the description of the bug provided by the user and the model fragments. Besides
that LSI provides good results when applied to source code [36, 34, 41], a recent
work reveals that LSI performs better when applied to text [55]. Product mod-
els are representations at a higher abstraction level than the source code, and the
language used to build them is closer to the bug description language; similar to
text.

To perform LSI, our approach follows five main steps: creating a corpus, pre-
processing, indexing, querying, and generating results:

Creating a corpus. In the first step of LSI, a document granularity needs to
be chosen to form a corpus. A document lists all the text found in a contiguous
section of source code (methods, classes, or packages). A corpus consists of a set
of documents.

Preprocessing. Once the corpus is created, it is preprocessed. Preprocess-
ing involves normalizing the text of the documents. For source code, operators
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Chapter 5. Dynamic Feature Localization in Models

and programming language keywords are removed. In addition, identifiers and
compound words are split.

Indexing. The corpus is used to create a term-by-document matrix. Each row
of the matrix corresponds to each term in the corpus, and each column represents
each document. Each cell of the matrix holds a measure of the weight or relevance
of the term in the document. The weight is expressed as a simple count of the
number of times that the term appears in the document. In other words, each
term-document pair has a number that indicates the number of times this term
appears as part of the names of attributes or methods of this model element.

Querying. A user formulates a query in natural language consisting of words
or phrases that describe the feature to be located. Since LSI does not use a prede-
fined grammar or vocabulary, users can originate queries in natural language.

Generating results. In LSI, the query and each document correspond to a
vector. The cosine of the angle between the query vector and a document vector is
used as the measure of the similarity of the document to the query. The closer the
cosine is to 1, the more similar the document is to the query. A cosine similarity
value is calculated between the query and each document, and then the documents
are sorted by their similarity values.

We obtain vector representations of the documents and the query by normaliz-
ing and decomposing the term-by-document co-occurrence matrix using a matrix
factorization technique called singular value decomposition (SVD) [77]. SVD is
a form of factor analysis, or more precisely, the mathematical generalization of
which factor analysis is a special case. In SVD, a rectangular matrix is decom-
posed into the product of three other matrices. One component matrix describes
the original row entities as vectors of derived orthogonal factor values, another
describes the original column entities in the same way, and the third is a diago-
nal matrix that contains scaling values such that when the three components are
matrix-multiplied, the original matrix is reconstructed.

5.6.1 Information Retrieval at model trace level

In step 2: Information Retrieval at model trace level, we use the model trace
extracted in dynamic analysis. In addition, the software engineer has to formulate
a query related to the feature that must be located. The model trace and the query
can be leveraged to locate the most relevant model for the feature through the use
of information retrieval.
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5.6. Assessment: Information Retrieval

For this approach, we adapt each step of the LSI technique to work with the
model trace. The adaptation is performed as follows:

Creating a corpus. Each document corresponds to a model of the model trace
extracted in the dynamic analysis. Each document (model) includes text from the
names of the model elements and the names of the attributes and operations of the
model elements that compose that model.

Preprocessing. The type of the attributes and the type of the parameters in
the methods are removed. Then, all the identifiers are splitted. To do this, we
apply Natural Language Processing (NLP) techniques, such as tokenizing, Parts-
of-Speech (POS) tagging techniques, and stemming techniques [46, 78].

Indexing. In the term-by-document co-occurrence matrix, the terms (rows)
correspond to the names of the model elements and the names of the attributes or
operations of the model, and the documents (columns) correspond to the models
that have appeared in the model trace. Each cell in the matrix contains the fre-
quency with which the keyword of its row appears in the document denoted by its
column.

Querying. We use the feature description to formulate the queries. Only
the relevant terms are taken into account, and words such as determinants and
connectors from the language are omitted. The query column represents the words
that appear in the feature description. Each cell contains the frequency with which
the keyword of its row appears in the query.

The last step of LSI generates the results. In this step of this approach, we only
take into account the model that presents the best similarity measure. We consider
it as the most relevant model for the feature to be located, and as such, it is used
as input for the next step.

5.6.2 Information Retrieval at model level

Finally, in step 3: Information Retrieval at model level, our approach assesses
each model element of the model obtained in step 2. We adapted each step of the
LSI technique to work at model level. The adaptation is performed as follows:

Creating a corpus. In this step, each document corresponds to a model ele-
ment of the model. Each document (model element) includes text from the names
of the attributes and operations.

Preprocessing. In this step, we apply the same techniques than in the previous
step. The type of the attributes and the type of the parameters in the methods are
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Chapter 5. Dynamic Feature Localization in Models

removed. Then, all the identifiers are split; for example, “PowerLimit” becomes
“power” and “limit”.

Indexing. In this step, in the term-by-document co-occurrence matrix, the
terms (rows) correspond to the names of the attributes or operations (i.e., intensity)
of the model from the previous step and the documents (columns) correspond to
the model elements that are in the model from the previous step.

Model Elements
ME1 ME2 ME3 ME4 MEn Query LSI Results

size 6 12 9 6 12 6

id 10 ME4
provider 12 6 4 0 24 ME1

coil 36 30 0 0 0 0 , | MEs

small 24 12 2 0 6 4 MEn

Terms

ME2
intensity ] 8 10 2 . 0 6

high 6 0 2 0 . 6 8 Z

name 8 2 1 12 3 0

Figure 5.4: Information Retrieval via Latent Semantic Indexing (LSI)

Figure 5.4 shows a term-by-document co-occurrence matrix. Each row in the
matrix stands for each one of the unique words (terms) extracted from the runtime
model. Figure 5.4 shows a set of representative keywords in the domain such as
‘provider’, ’coil’, or ’intensity’ as the terms of each row. Each column in the
matrix stands for the model elements of the runtime model. Figure 5.4 also shows
the model elements in the columns, which represent the model elements of the
runtime model. Each cell in the matrix contains the frequency with which the
keyword of its row appears in the document denoted by its column. For instance,
in Figure 5.4, the term ’size’ appears 9 times in the "ME3’ model element.

Querying. In this step, we use the same feature description used in the pre-
vious step. Only the relevant terms are taken into account, and words such as
determinants and connectors from the language are avoided.

In Figure 5.4, the query column represents the words that appear in the de-
scription. Each cell contains the frequency with which the keyword of its row
appears in the query. For instance, the term ’provider’ appears 10 times in the
query.

A three-dimensional graph of the LSI results is provided in Figure 5.4. The
graph shows the representation of each one of the vectors, labeled with letters that
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represent the names of the model elements, which are referenced in the box below
the graph. The graph reflects the "ME3’ model element vector as being the closest
to the query vector, followed by the '"ME1’ model element vector.

5.7 Output

After applying all the three steps of our approach, the output produced is a ranking
where each model element has been assigned with a value. Only those model
elements that have a similarity measure greater than x must be taken into account
to measure the quality of the results. A good heuristic that is widely used is
x = 0.7. This value corresponds to a 45% angle between the corresponding
vectors. This threshold has yielded good results in other similar works [35, 79].
Determining a more generally usable heuristic for the selection of the appropriate
threshold is an issue under study, over which further research is needed.

The goal of our approach is to rank the relevant model elements within the top
positions. The ranking of model elements is ordered by the values of the cosines.
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Chapter 6. Bug Localization in Models with an Evolutionary Algorithm

6.1 Overview

This chapter presents BLIMEA (see Figure 6.1), our bug localization approach
in models [11]. This approach uses a Multi-objective Evolutionary Algorithm
(MOEA) with two fitness functions: (1) Information Retrieval (IR), and (2) mod-
ification timespan. The consideration of timespans is based on the Defect Local-
ization Principle (DLP). This principle is based on the observation that the most
recent modifications to a project are most likely the cause of future bugs [80, 81].

The use of a MOEA allows to show the results of both objectives (similarity
and modification timespan). The effectiveness of each objective is different for
each bug localization. Sometimes the similarity will be more successful to find
the model fragment that contains the bug and sometimes the timespan is the most

successful.
4 BLIMEA N\
Models MOEA Ranking
& IR of
Bug Model & model
report fragments DLP fragments

\_ J

Figure 6.1: Overview of BLIMEA

As a result, software engineers obtain a ranked list of model fragments from
the model, intended to identify the parts of the model that are relevant for the bug.
Next sections describe the details of the approach.

6.2 Approach

Figure 6.2 presents the details of the BLiM approach for bug location. The left
of Figure 6.2 shows the inputs for the approach: a bug description and a set of
product models.

The approach relies on an evolutionary algorithm. The center of Figure 6.2
shows a simplified representation of the main steps. The ’Initialize Population’
step calculates an initial population of model fragments from the input set of prod-
uct models. The ’Genetic Operations’ produce the new generation of model frag-
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Bug Report BLiM Approach

Ranked Bug Realizations
Description:
L Bug Realization | Similarity (Timespan
one pot in inductor 2
while inductor 4 has —y[lnitialize Population] Genetic Operations] Fitness ] -
another pot and the user [ .
selects the power level 9 0.8 2.646
for both inductors. D O
Product Models stop?
o—o20
D . .487
Model Fragment New Model yes D— 0.9 9.48
D o) Population Fragment e—_ |
§ T no

Figure 6.2: The Bug Location Approach in Models: BLIMEA

ments. Finally, the *Fitness’ step assigns values that assess how good each model
fragment is in the following terms: bug description and modification timespan.
As output, the approach provides a list of model fragments that might realize the
bug (see the right part of Figure 6.2).

6.3 Input

The approach receives as input a bug description and a set of product models.
Typically, the bug description come from textual documentation of a bug report.
Therefore, this description will include some domain specific terms that are sim-
ilar to those used when specifying the product models. The knowledge of the
engineers about domain and the product models will be useful for selecting the
description from the bug report.

In addition, the software engineer has to select a set of product models from
the entire family of products. The software engineer has to use his knowledge to
select those models that contain the bug to be located.

6.4 Population

The initial population is generated in the initialize population step of the approach
(see Figure 6.2). This step calculates an initial set of model fragments from the
input set of product models. This initial set of model fragments is randomly ex-
tracted from the product models. This is a common practice in evolutionary com-
putation; as an alternative, seeds (fragments of a model chosen manually) can be
proportioned in order to optimize the population.

In evolutionary algorithms, each individual of the population needs to be en-
coded so the genetic operations can be applied to them. There are different encod-
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ings that can be used, although the most common is to encode each individual as
a fixed-size string of binary values. The individuals of our population are model
fragments, then, the encoding must be able to represent a model fragment ex-
tracted from a product model.

We chose a binary encoding to represent our individuals (our model frag-
ments). Each position of the binary string corresponds to a particular element.
This element may be or not part of the solution and has two possible values 0 or
1. To encode a model fragment, each position of the binary string represents one
model element of the parent model. In other words, each individual will have that
position at 0 to indicate that the element is not part of the model fragment or at 1
to indicate that it is part of the model fragment. Thus, we can indicate the subset
of element from the parent model that are part of the model fragment.

6.5 Search Strategy

The generation of subsequent populations is performed by applying genetic oper-
ators. First, a selection operation selects the model fragments that will be used as
parent of the new model fragments. Second, other operations are applied to ma-
nipulate the model fragments. In other words, new model fragment sets are gener-
ated from existing ones through the use of genetic operators: selection, crossover,
and mutation. These operations are described in the following subsections.

6.5.1 BLIiMEA selection

Selection is the first step when an evolutionary algorithm is used. This operation
selects a number of individuals that will act as parents for the next population.
The number of parents depends on the operations that will be performed later,
but typically is two. The selection is based on the assessment of the individuals.
These individuals will be manipulated later in order to create new individuals with
the hope that they will be better solutions than their predecessors.

There is a risk of not exploring areas of the search space that could provide
better results. The algorithm may suffer a premature convergence if the individ-
uals with the best fitness are always the only ones selected. The most frequent
strategy to cope with this issue is to use a selection mechanism that ensures a
proper distribution of the selection [82].

Therefore, the algorithm has to use a selection mechanism where fitter indi-
viduals are selected more times than others but that also mitigates the premature

56



6.5. Search Strategy

convergence issue. The most usual option is to follow the wheel selection mech-
anism [83]. That is, each model fragment from the population has a probability
of being selected proportional to its fitness score. Therefore, candidates with high
fitness values will have higher probabilities of being chosen as parents for the next
generation.

6.5.2 BLIiMEA crossover

In our encoding, the elements that can be mapped across the different individuals
are the model fragment and the referenced product model. This crossover operator
will take the model fragment from the first parent and the product model from the
second parent. Hence, a new model fragment that contains elements from both
parents is generated.

Figure 6.3 shows an example of the crossover operation of BLIMEA. First, the
model fragment from the first parent is selected. Second, the product model from
the second parent is selected. Then, the operation compares both elements trying
to find the model fragment from the first parent in the product model from the
second parent. If the comparison finds the model fragment in the product model,
the operation creates a new model fragment with the model fragment taken from
the first parent but referencing the product model from the second parent. In the
case that the comparison does not find the model fragment from the first parent in
the second parent, the operation will return the first parent unchanged.

This operation enables the search space to be expanded to a different prod-
uct model, i.e., both model fragments (the one from the first parent and the one
from the new model fragment) will be the same. However, since each of them
is referencing a different product model, they will mutate differently and provide
different model fragments in further generations.

6.5.3 BLiMEA mutation

As we said, each model fragment is referencing a product model. This operation
mutates each model fragment in the context of its referenced product model. In
other words, the model fragment will gain or drop some elements, but the resulting
model fragment will still be part of the referenced product model. The mutation
possibilities of a given model fragment are driven by its associated product model.
Figure 6.3 shows an example of the mutation operation of BLIMEA.

The type of mutation, addition or removal of elements, is decided randomly:
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Figure 6.3: Crossover and mutation operations of BLIMEA

* The subtractive mutation randomly removes some elements from the model
fragment. The resulting model fragment have to be connected, cannot be
split into several isolated groups of elements. Hence, the only constraint is
that the elements to be removed are the ones that are on the edges of the
model fragment. Since the resulting model fragment is a subset of the orig-
inal model fragment and the original was present in the referenced product
model, the resulting product model will always be present in the referenced
product model.

* The additive mutation randomly adds some elements to the model fragment.
In the same way as in the previous type, the resulting model fragment has to
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be part of the referenced product model. To do that, the operation identifies
the boundaries of the model fragment and then a random element from the
boundary is added to the model fragment. The resulting model fragment
will be part of the referenced product model.

The result of the application of these operations is a new model fragment. This
new model fragment represents another possible solution that can contain the bug
for the specific bug being located.

6.6 Assessment

In evolutionary algorithms, the fitness step is used to assess the different degrees of
adaptation to the environment that different model fragments have. Following this
idea, our fitness step is used to determine the suitability of each model fragment
to the problem. The input of this step is a set of model fragments, and the output
produced is a set where each model fragment has been assigned with two fitness
values: the similarity to the bug description, and the timespan to the most recent
model fragment modifications.

6.6.1 Model fragment similarity to the bug description

Similar to previous chapters, we apply a information retrieval technique, Latent
Semantic Indexing (LSI), to analyze the relationship between the description of
the bug description and the model fragment.

To build the term-by-document co-occurrence matrix, the model fragments
and the bug description are used. The documents are text representations of the
model fragments. The text of each document corresponds to the names and values
of the attributes and operations of each model fragment. The query is constructed
from the terms that appear in the bug description. If the terms used for the model
and for the bug description differ too much, LSI will not work. Therefore, the
text from the documents (model elements) and the text from the query (bug de-
scription) are homogenized by applying well-known Natural Language Process-
ing techniques (tokenizing, Parts-of-Speech Tagging, and Lemmatizing) to reduce
this gap. If the languages used differ too much, other techniques such as manual
annotation of the model elements could be applied at the expense of increasing
the effort. The union of all the words extracted from the documents (model frag-
ments) and from the query (bug description) are the terms (rows) used by our LSI
fitness.
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Once the matrix is built, we normalize and decompose it into a set of vec-
tors using a matrix factorization technique called Singular Value Decomposition
(SVD) [77]. One vector that represents the latent semantics of the document is
obtained for each model fragment and the query. Finally, the similarities between
the query and each model fragment are calculated as the cosine between the two
vectors. The fitness value that is given to each model fragment is the one that we
obtain when we calculate the similarity, obtaining values between -1 and 1.

6.6.2 The most recent model modification

To apply the Defect Localization Principle, we measure the timespan to the last
modification of the model. As this has not been applied before for bug localization
in models, we proposed 4 different ways to apply it in models, these forms are
explained in [11]. However, in this summary we only show the assessment that
achieved the best results: the most recent model modification timespan.

As the modifications affect the model elements, each model element has its
own modification timespan. Thus, each model element has a constant value of
modification timespan during the execution of the algorithm, but different model
elements have different modification timespan values.

The modifications of the model over time are considered when extracting the
most relevant model fragment for the target bug (the time difference between the
last modification of a model element and the usage day). A recently modified
model element (i.e., a short timespan) has a lower timespan value than another
model element that was modified farther in the past. Since a model fragment
is composed by a set of model elements, the timespan weighting of the model
fragment depends on the timespan weightings of the model elements that compose
it.

The time difference is based on the number of days and can therefore be very
large when the model fragment was modified a long time ago. To normalize the
time difference, mathematical solutions such as square root or logarithm can be
used. We decided to use square root because it has achieved good results in other
works that use time differences [84, 85]. To use of the square root is more suitable
and more effective for the proposed approach [81].

Figure 6.4 shows an example of the application of this function to a model
fragment. This function expresses the concern of capturing primarily the model
fragments with the model elements that have the lowest modification timespans.
That is, model elements that have been recently modified. Then, the value of the
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Product Model 4
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Figure 6.4: Timespan of the modifications of the model elements of a fragment

model fragment will be the value of the most recently modified model element.
In the example of Figure 6.4, the timespan value of the model fragment is 7 days,

that means a square root of 2.646.

6.7 Output

The output of BLIMEA (see Figure 6.2) is an ordered set of model fragments that
contains the target bug. The software engineer obtains this set of model fragments,
which is intended to identify the parts of the model that are relevant to the bug.
To do so, the engineer can order the ranking following different criteria: the
similarity to the bug description, or the most recent model fragment modifications.
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Chapter 7. Evolutionary Algorithm for Bug Localization in the Reconfigurations
of Models at Runtime

7.1 Overview

This chapter presents EBRo (see Figure 7.1), our approach for bug localization in
reconfigurations [13]. In systems with models at runtime, the models experience
reconfigurations at runtime due to context changes, being these reconfigurations a
source of bugs. The development of this approach was focused on locating bugs
that appear as the result of dynamic reconfigurations of the systems due to context
changes.

e EBRoO N\

R. R&uleS Evolutionary Algorithm Ranking
_ of
Init. glodel —>{| Reconfigurat. | | Information > reconfig.
sequences retrieval
Bug report sequences

- J

Figure 7.1: Overview of EBRO

This approach uses an evolutionary algorithm guided by a fitness function
that considers the similarity to the description of the bug. To measure the textual
similarity, we start from an initial model at runtime to which we apply a sequence
of reconfigurations, obtaining another model in which we evaluate whether the
modified elements are similar with the description of the bug. As a result, software
engineers obtain a ranked list of reconfiguration sequences, intended to identify
the reconfiguration rules that are relevant to the bug. Next sections describe the
details of the approach.

7.2 Approach

The general structure of our approach (EBRo) is introduced in Figure 7.2. The
goal of EBRo is to obtain a ranked list of sequences of reconfigurations rules
from a given list of reconfiguration rules that may trigger the bug specified by the
bug description. Our EBRo approach takes as input a set of reconfiguration rules,
an initial model, and a bug description.

The output of EBRo (see Figure 7.2) is a set of reconfiguration sequences. The
search space for our approach is determined not only by the number of triggered
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Figure 7.2: Input and output of our bug localization in reconfigurations of models
at runtime

reconfigurations, but also by the order in which they are applied. To explore the
search space, EBRo uses an evolutionary algorithm that enables the exploration
of a large number of possible reconfigurations.

7.3 Input

The approach receives as input a set of reconfiguration rules, an initial model,
and a bug description. The set of reconfiguration rules describe the changes in
the model at runtime. The reconfiguration rules are triggered by context changes.
The initial model is the model that specifies the initial configuration. Finally, the
bug description of the bug that we want to locate using natural language. This bug
description is obtained in the same way we explain in the previous chapter (see
Section 6.3).

7.4 Population

Each individual of the population is a reconfiguration sequence. To represent each
individual, we used a vector representation. Each vector’s dimension represents a
reconfiguration rule. Thus, a solution is defined as a sequence of reconfigurations
applied to a model. The size of the solution represents the number of reconfigura-
tions (dimensions) in the vector. When created, the order of the reconfigurations
corresponds to their positions in the vector.

An example of an individual is given in Figure 7.3. This individual contains
three dimensions that correspond to three reconfigurations applied to the initial
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R1: newChannelForDoubleInductor(upperPowerGroup, secondaryInductor)

R21: redirectPowerFromInverter(secondInverter,upperPowerGroup)

R3: activatePowerFromInverter(secondInverter)

Figure 7.3: Representation of an individual

model. For instance, the predicate newChannelForDoublelnductor(upperPowerGroup,
secondarylnductor) means that a new channel is created in the upper power group,
connecting it with the secondary inductor.

7.5 Search Strategy

To allow the generation of new populations, we have to define a selection of the
individuals that will work as parents of the new populations. In addition, we
have to define the operators that allow the creation of the new individuals of the
population: crossover and mutation.

7.5.1 EBRo selection

To select individuals, we use stochastic universal sampling (SUS) [86]. This tech-
nique of selection of an individual is directly proportional to its relative fitness
in the population. SUS is a random selection algorithm which gives a higher
probability of selection to the fittest solutions while still giving a chance to every
solution.

In each iteration of the algorithm, SUS is used to select individuals from the
population (F,,) for the next generation of the population (F,.1). The selected
individuals will be the ones that generate the next individuals using genetic oper-
ations.

7.5.2 EBRo crossover

We use a single, random, cut-point crossover. It starts by selecting and splitting at
random two parent solutions. When two parent individuals are selected, a random
cut point is determined to split them into two sub-vectors. Then, the crossover
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creates two child solutions by putting, for the first child, the first part of the first
parent with the second part of the second parent, and, for the second child, the
first part of the second parent with the second part of the first parent.

Each solution has a length limit in terms of number of reconfigurations. When
applying the crossover operator, the new solution may have the minimum length
between the two parents. Then, the crossover operator must enforce the length
limit constraint by eliminating some reconfiguration rules.

Parent 1 Child 1 Child 1
R1 R1 R1
R21 R5 » R12

Mutation
R3 R16 R16

»

Parent 2 Crossover

Child 2 Child 2
R14 R14 R2
R5 R21 » R21
Mutation
R16 R3 R6

Figure 7.4: Crossover and mutation operators applied to reconfigurations

Figure 7.4 shows an example of applying the crossover operator. In this exam-
ple, Parent 1 (P;) and Parent 2 (/%) are combined to generate two new solutions.
The upper sub-vector of P is combined with the bottom sub-vector of P; to form
Child 1, and the bottom sub-vector of P; is combined with the upper sub-vector
of P, to form Child 2.
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7.5.3 EBRo mutation

This operator consists of randomly changing one or more reconfigurations in the
vector of reconfigurations. Given an individual, the mutation operator first ran-
domly selects some positions in the vector representation of the individual. Then,
the selected dimensions are replaced by other reconfiguration rules.

Figure 7.4 shows an example of applying the mutation operator. In Child 1,
the mutation operator replaces dimension number two (R5 by R12), while in Child

2, the mutation operator replaces dimensions number one and three (R/4 and R3
by R2 and R6).

When creating the sequence of reconfigurations, we do not guarantee that they
are feasible and that they can be applied. However, this could be solved by apply-
ing some repair operations that are part of our future work.

As a result, new reconfiguration sequences are created. In other words, the
new reconfiguration sequences represent other possible solutions that can trigger
the bug for the specific bug being located.

Overall, the aim of the approach is to find the most relevant reconfiguration
sequence that triggers the bug described by the bug report. To do so, the algorithm
of EBRo performs a search guided by a fitness function. This search is done
among the different reconfiguration sequences (previously obtained by applying
the mutation and crossover operations) that could conform to the bug description.

7.6 Assessment

After creating a solution, it should be assessed using a fitness function. The fit-
ness function quantifies the quality of the proposed reconfiguration sequence. In
this approach, we use the information retrieval technique presented in previous
chapters, called Latent Semantic Indexing (LSI). EBRo assesses the relevance of
each reconfiguration sequence in relation to the bug description provided by the
user. The input of this step is a set of reconfiguration sequences, and the output
is the set of reconfiguration sequences, where each reconfiguration sequence has
been assigned with a fitness value regarding its similarity to the bug description.
Figure 7.5 shows how we extract the texts needed to use LSI. First, we apply
the reconfiguration sequence to the initial model configuration. After applying it,
we obtain a new model from which we extract the model elements that have been
modified by the reconfigurations. In Figure 7.5, the modified model elements are
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Figure 7.5: Terms extraction from a reconfiguration sequence

the ones in bold. The texts for the LSI documents are the names and values of the
properties and methods of each model element.

In this approach, the LSI documents are model elements, i.e., a document of
text is generated from the text of the model elements that have been modified by
the reconfiguration. The query is constructed from the text that appears in the
bug description. To reduce the gap between the text from the model elements
and the bug description, this approach uses the same strategy as BLIMEA, Nat-
ural Language Processing techniques (tokenizing, Parts-of-Speech Tagging, and
Lemmatizing) are applying.

The union of all the keywords extracted from the documents (model elements)
and from the query (bug description) are the terms (rows) used by our LSI fitness.
Each column is one of the model elements that have been modified by the recon-
figuration. The last column is the query obtained from the bug description of the
user. Each row is one of the terms extracted from the corpuses of text composed
by all of the model elements and the query itself. Each cell has the number of
occurrences of each of the terms in the model elements.

Once the matrix is built, we normalize and decompose it into a set of vec-

tors using the same matrix factorization technique as in the previous chapter, see
Section 6.6.1.
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7.7 Output

The output of EBRo (see Figure 7.2) is an ordered set of reconfiguration sequences
that might trigger the target bug. The ranking is ordered following the similarity
to the bug description.
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Chapter 8. Case Studies

8.1 Overview

This chapter presents the three case studies used to evaluate the approaches pre-
sented in this dissertation. First, we present the case studies from our indus-
trial partners. BSH presented previously (see Chapter 4), and CAF a worldwide
provider of railway solutions. second, we present the Smart Hotel that is an auto-
nomic system with models at runtime.

8.2 Induction Hob Domain

This case study corresponds to one of our industrial partners, BSH. It is already
presented in section 4.3 as the running example. The induction division of BSH
has been producing induction hobs under the brands of Bosh and Siemens for the
last 15 years.

The case study of BSH is composed of 46 induction hob models where, on
average, each product model is composed of more than 500 elements. The doc-
umentation includes 96 different features and 37 bug reports. Those features and
bugs are in products that are currently being sold or will be released to the market
in the near future.

8.3 Train Control and Management Domain

This case study corresponds to another of our industrial partners, CAF which is
a worldwide provider of railway solutions. Their trains can be seen all over the
world and in different forms (regular trains, subway, light rail, monorail, etc.).

A train unit is furnished with multiple pieces of equipment through its vehi-
cles and cabins. These pieces of equipment are often designed and manufactured
by different providers, and their aim is to carry out specific tasks for the train.
Some examples of these devices are: the traction equipment, the compressors that
feed the brakes, the pantograph that receives power from the overhead wires, or
the circuit breaker that isolates or connects the electrical circuits of the train. The
control software of the train unit is in charge of making all the equipment cooper-
ate in providing the train with functionality while guaranteeing compliance with
the specific regulations of each country.

The DSL of our industrial partner has the required expressiveness to describe
the interaction between the main pieces of equipment installed in a train unit.
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Moreover, this DSL also has the required expressiveness to specify non-functional
aspects related to regulation, such as the quality of signals from the equipment or
the different levels of installed redundancy. This results in a DSL that is composed
of around 1000 different elements.

As an example, the high voltage connection sequence can be described using
the DSL. This high voltage connection sequence is initiated when the train driver
requests its start by using interface devices fitted inside the cabin. The control
software is in charge of raising the pantograph to receive power from the overhead
wire and of closing the circuit breaker so the energy can get to converters that
adapt the voltage to charge batteries which, in turn, power the traction equipment.

In this kind of products, it is important to ensure that no bug is going to occur
while the train is running. This task is very cumbersome and time consuming for
the domain engineers due to the high number of tests involved.

The product family of CAF is composed of 23 trains where each product
model is composed of more than 1200 elements on average. They provide us
with documentation of 56 bug reports, the approved reconfiguration sequences
that triggers the bug and the model fragments that contain the bugs.

8.4 Smart Hotel Domain

The Smart Hotel [87] is an autonomic system with models at runtime. It is re-
configured in response to changes in the context, for example if there is a client
in the room or not, and what activities they may be performing (sleeping, watch-
ing TV, ...). This section shows the language used for specifying the architecture
model of the Smart Hotel. This section also shows how the architecture model is
reconfigured at runtime in response to context changes.

The Smart Hotel is described using Pervasive Modeling Language (PervML)
[88]. PervML is a Domain Specific Language (DSL) that describes pervasive
systems using high-level abstraction concepts such as services. This language is
focused on specifying heterogeneous services in distinct physical environments.
This DSL has been applied to develop solutions in the Smart Hotel domain.

The Smart Hotel reconfiguration engine determines how the system should be
reconfigured in response to a context change, and then it modifies the architec-
ture model accordingly. In models at runtime, a causal connection between the
system and the runtime model is defined (there is a bidirectional relation between
the source code and the runtime model). This connection allows the models (usu-
ally the architecture model) to reflect the software state. This connection can be
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achieved in different ways; however, the most used implementation is the MAPE-
K loop [27, 89].

Lighting By Presence Presence Simulation

(The user is in the room) (Nobody is in the room)
v Lights L__| v Lights
Presence
Simulator
Multimedia Lighting ) 1)
Service Service b °/ c
a The user

legves the
[HO g T
Alarm Alarm
Security Presence Sensors

Service D—
|:| Device O Service —— Channel

Figure 8.1: Smart Hotel Model Reconfigurations

Security
Service

ence Sensors

Figure 8.1 shows two Smart Hotel configurations according to the concrete
syntax of the architecture model of PervML [88]. Figure 8.1 (left) shows a User
in the room configuration, while Figure 8.1 (right) shows a Nobody in the room
configuration. It can be observed that movement sensors are used for different
purposes: lighting (left) and providing information to the security service (right).
In addition, the Occupancy simulation service is activated in the Nobody in the
room configuration, and the connections that are required for this service to com-
municate with multimedia, lighting, and security services are established.
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Chapter 9. Evaluations

9.1 Overview

This chapter presents the evaluation process followed to test our approaches. We
describe each of the elements involved in the evaluation process: the oracle prepa-
ration, the measurements and statistical analysis performed, and the results ob-

tained.
input input Comparison |output Measures
Test Case | nput | R Ilts —> &
Approach | Results to Oracle Statistics
report

Figure 9.1: Evaluation process for each of the approaches

Figure 9.1 shows an overview of the process followed to evaluate each of the
approaches. The test cases are the input for the approach under evaluation. After
running the approach, we obtain the results. These results are compared with
an oracle in order to check the accuracy. Finally, we report the quality and the
statistical analysis of the results.

9.2 Oracle

The oracle is the mechanism that we used to evaluate the results of our approaches.
The oracle is considered the ground truth and is used to compare the results of the
approaches with the oracle. Hence, the oracle is composed by a set of product
models and a set of features and bugs already located. Thus, we know beforehand
the solutions for each of the features or bugs that we want to locate. The informa-
tion that compose the oracle is provided by our industrial partners and contains all
the domain knowledge needed: features realization, model elements that contain
bugs, feature descriptions, and bug reports.

Although we have illustrated the approaches with the running example of
BSH. We have evaluated our approach with the three different case studies. Table
9.1 summarizes the domain in which we have evaluated each of the approach.
DFL was evaluated in the Smart Hotel, BLIMEA was evaluated in BSH, and
EBRo was evaluated in BSH and CAF.

The Smart Hotel is composed by 476 model elements in the architecture model.
It is configured with a feature model. The feature model specifies the 39 different
features that the Smart Hotel has implemented.
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DFL BLIMEA EBRo

Smart Hotel X
BSH X
CAF

X
X

Table 9.1: Approach and evaluation domains

The product family of BSH is composed of 46 induction hob models, which,
on average, are composed of more than 500 elements. Our industrial partner
provided us with documentation of 37 bug reports, the reconfigurations (when
needed) and the approved model fragments that contain the bugs. The approved
model fragments have between 3 and 15 model elements, with an average of 8
model elements. It is important to highlight that each model element has proper-
ties (that include terms), and all the information needed, such as the modification
timespan. Five domain engineers from our industrial partner were involved in
providing the set of 37 bugs. The domain engineers of BSH based their selection
on a combination of importance and frequency. The set of bugs provided are the
most representatives of the bugs that occurs in BSH.

The product family of CAF is composed of 23 trains where each product
model is composed of more than 1200 elements on average. They provide us
with documentation of 56 bug reports, the approved reconfiguration sequences
that triggers the bug and the model fragments that contain the bugs. In the same
way as in BSH, the domain engineers were involved throughout the process and
the set of bugs are representatives of the ones that occur in CAF.

9.3 Comparison and Measure

Once we have the results of the approaches, we have to compare it with the oracle
and measure them in terms of some software quality properties. To compare them,
we used a confusion matrix [90].

A confusion matrix is a table that is often used to describe the performance of
a classification model (in this case, the approach under evaluation) on a set of test
data (the solutions) for which the true values are known (from the oracles). In our
case, each solution that is output by the approaches is a subset of the elements that
are present in the product model (where the feature of the bug is being located).
Since the granularity will be at the level of these elements, the presence or absence
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of each element will be considered as a classification. Therefore, our confusion
matrices will distinguish between two values (TRUE or presence and FALSE or
absence).

We obtain a confusion matrix for each of the solutions predicted by each of
the approaches. The confusion matrix arranges the results of the comparison into
four categories:

True positive (TP): An element presents in the predicted solution that is also
present in the actual solution.

True negative (TN): An element not present in the predicted solution that is not
present in the actual solution.

False positive (FP): An element presents in the predicted solution that is not
present in the actual solution.

False negative (FN): An element not present in the predicted solution that is
present in the actual solution.

The confusion matrix holds the results of the comparison between the pre-
dicted solutions and the actual solutions. The result of the sum of all the categories
(TP+TN+FP+FN) is the number of elements that contains the predicted solution.
However, in order to evaluate the performance of the approach, it is necessary to
extract some measurements from the confusion matrix.

9.4 Measurements and Statistical Analysis

In this section, we present the quality measurements derived from the confusion
matrix and the statistical analysis performed. This analysis provides quantitative
evidence of the impact of our approaches and shows that this impact is significant.

9.4.1 Measurements derived from the comparison

Some performance measurements are derived from the values in the confusion
matrix. We use four measurements, these measurements are: recall, precision,
F-measure and Matthews Correlation Coefficient (MCC).
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Recall measures the number of elements of the actual solution that are cor-
rectly retrieved by the predicted solution and is defined as follows:
TP
Recall = ———— 9.1
T TPYIFN ©-D
Precision measures the number of elements from the predicted solution that
are correct according to the actual solution and is defined as follows:
TP
Precision = ————— 9.2
recision TP 1 FD 9.2)
The F-measure corresponds to the harmonic mean of recall and precision and
is defined as follows:
Precision x Recall

F— =2 93
measure ¥ Precision + Recall ©-3)

Recall values can range between 0% (i.e., no single element from the actual
solution is present in the predicted solution) to 100% (i.e., all the elements from
the actual solution are present in the predicted solution).

Precision values can range between 0% (i.e., no single element from the pre-
dicted solution is present in the actual solution) to 100% (i.e., all the element
from the predicted solution are present in the actual solution). A value of 100%
precision and 100% recall implies that both the predicted solution and the actual
solution are the same.

However, none of these measures correctly handle negative examples (TN).
The MCC is a correlation coefficient between the observed and predicted binary
classifications that takes into account all of the observed values (TP, TN, FP, FN).
MCC is a balanced measure which can be used even if the search space and the
predicted solution are of very different sizes [91]. For this reason, MCC is one of
the best measures for describing a confusion matrix [92]. It is defined as follows:

TP-TN—-FP-FN

MCC =
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)

9.4.2 Statistical analysis of the measurement results

To properly compare our approaches, all of the data resulting from the empirical
analysis was analyzed using statistical methods following the guidelines in [93].
The goals of our statistical analysis are: (1) to provide formal and quantitative
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evidence (statistical significance) that the approach under evaluation does in fact
have an impact on the comparison metrics (i.e., that the differences in the results
were not obtained by mere chance); and (2) to show that those differences are
significant in practice (effect size).

Statistical Significance

To enable statistical analysis, all of the algorithms should be run a large enough
number of times (in an independent way) to collect information on the probabil-
ity distribution for each algorithm. A statistical test should then be run to assess
whether there is enough empirical evidence to claim (with a high level of confi-
dence) that there is a difference between the two algorithms (e.g., A is better than
B). In order to do this, two hypotheses, the null hypothesis H and the alternative
hypothesis H, are defined. The null hypothesis H is typically defined to state
that there is no difference among the algorithms, whereas the alternative hypoth-
esis H; states that at least one algorithm differs from another. In such a case, a
statistical test aims to verify whether the null hypothesis H, should be rejected.

The statistical tests provide a probability value, p — Value. The p — Value
obtains values between 0 and 1. The lower the p — V alue of a test, the more likely
that the null hypothesis is false. It is accepted by the research community that a
p — Value under 0.05 is statistically significant [93], so the hypothesis H, can be
considered false.

The test that we must follow depends on the properties of the data. Since our
data does not follow a normal distribution in general, our analysis requires the use
of non-parametric techniques. There are several tests for analyzing this kind of
data; however, the Quade test shows that it is more powerful than the others when
working with real data [94]. In addition, according to Conover [95], the Quade
test has shown better results than the others when the number of algorithms is low
(no more than 4 or 5 algorithms).

However, with the Quade test, we cannot answer the following question: Which
of the algorithms gives the best performance? In this case, the performance of
each algorithm should be individually compared against all other alternatives. In
order to do this, we perform an additional post hoc analysis. This kind of analysis
performs a pair-wise comparison among the results of each algorithm, determin-
ing whether statistically significant differences exist among the results of a specific
pair of algorithms.
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Effect size

When comparing algorithms with a large enough number of runs, statistically
significant differences can be obtained even if they are so small as to be of no
practical value [96]. Thus, it is important to assess if an algorithm is statistically
better than another and to assess the magnitude of the improvement. Effect size
measures are needed to analyze this.

For a non-parametric effect size measure, we use Vargha and Delaney’s Ay
[97, 98]. A, measures the probability that running one algorithm yields higher
values than running another algorithm. If the two algorithms are equivalent, then
Ay will be 0.5.

For example, 12112 = (0.7 means that we would obtain better results in 70% of
the runs with the first of the pair of algorithms that have been compared, and Ay
= 0.3 means that we would obtain better results in 70% of the runs with the second
of the pair of algorithms that have been compared. Thus, we have an Ai, value
for every pair of algorithms.

9.5 Results

This section presents the results obtained in the evaluation of each of the ap-
proaches presented in this dissertation.

9.5.1 DFL Evaluation

This evaluation has to goals: (1) evaluate whether our dynamic feature localization
approach applied to models outperforms a current approach applied to program
code, and (2) evaluate whether all the changes produced in the model at runtime
are relevant for feature localization.

The first evaluation is part of the work of SAM °16 [9]. The experiment eval-
uates whether our dynamic feature localization approach with models at runtime
achieves better results than a current approach [34] that uses program code to
perform feature localization (SCFL). We choose the approach presented in [34]
because is the one that shows the best results for feature location in source code
(3, 4].

Our DFL approach and the SCFL approach used the Smart Hotel runtime
model and source code traces, respectively. Our DFL approach produced a rank-
ing of model elements and the SCFL approach produced a ranking of methods for
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the targeted feature. The feature model oracle enables us to know how many of
the model elements or methods in the ranking were the ones that belongs to the
target feature.

Our DFL approach ranks the relevant elements in the top ten positions of the
ranking in 84% of the cases. In the top positions of the ranking of the SCFL
approach, there are false positives associated with some programming patterns
and true positives are spread between position 15 and 100.

It is accepted by the feature localization community [34, 36] that, a feature lo-
calization approach is considered better than another feature localization approach
when it produces a ranking where the elements that belong to the feature are in
higher positions than in the ranking of the other approach. In our evaluation, our
DFL approach obtained better positions in the ranking than the SCFL approach.

The second evaluation is part of the work of ECMFA °17 [10]. We evaluate
whether all the changes produced in the model when a system reconfiguration is
necessary are relevant for feature location. In order to do this, we compare the
presented Dynamic Feature Location approach using traces following the archi-
tecture criterion (DFL-AT), against the same approach using traces following the
configuration criterion (DFL-CT).

In the configuration criterion, the snapshots are added to the trace when the
runtime model corresponds to a target configuration of the system in a reconfig-
uration. In the architecture criterion, the snapshots are added to the trace when a
change in the runtime model is performed. That is, the traces recorded following
the architecture criterion contain more information than the ones recorded follow-
ing the configuration criterion.

DFL-AT DFL-CT

Recall 0.74 0.64
Precision 0.75 0.65
F-measure 0.74 0.63

Table 9.2: Mean values for precision, recall, and F-Measure for each execution in
the Smart Hotel

Table 9.2 shows the recall, precision, and F-measure values. On average, DFL-
AT obtains a value of 0.74 in recall while DFL-CT obtains a value of 0.64. DFL-
AT improves the recall result achieved by DFL-CT by around 10%. Regarding
the precision value, on average, DFL-AT obtains a 0.75 while DFL-CT obtains
a 0.65. Once again, DFL-AT improves the precision result achieved by DFL-CT
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by around 10%. Consequently, on average, DFL-AT obtains a value of 0.74 in F-
measure, while DFL-CT obtains a 0.63. Taking into account the results, DFL-AT
outperforms the results of DFL-CT.

9.5.2 BLIiMEA Evaluation

This evaluation is part of the work of ISD 17 [11]. The goal of that evaluation
was the evaluation of different timespan weighting objective functions. However,
in this dissertation, we only show the results obtained by the best function.

We compare the BLIMEA approach with a baseline [99]. The baseline is the
approach used by our industrial partner for bug localization. Even though it was
designed with other purpose in mind (feature localization), said approach is the
best bug localization technique available to our industrial partner. To perform the
evaluation, we applied the approaches to one of our case studies, BSH.

BLiMEA Baseline

Recall £ () 0.79+0.11 044 +0.14
Precision + (¢) 0.73 £0.09 0.29 + 0.09
F-measure &+ (o) 0.76 =0.08 0.35 £ 0.09

Table 9.3: Mean values and standard deviations for precision, recall, F-Measure
and MCC for each approach in BSH

Table 9.3 shows the mean values of recall, precision, and F-measure for both
BLiMEA and the baseline for the case study. BLIMEA obtains the best results,
providing an average value of 0.79 in recall and 0.73 in precision. The baseline
obtains an average value of 0.44 in recall and 0.29 in precision.

In the Quade test statistical analysis, the p — values obtained were < 2210716
for recall and precision. Since the p — values are smaller than 0.05, we reject
the null hypothesis. Consequently, we can state that there exist differences be-
tween the two approaches for the performance indicators of recall and precision.
In addition, the same value for the p — value were obtained in the Holm’s post
hoc analysis. This indicates that the differences of performance between the two
approaches are significant.

In the effect size statistics, BLIMEA achieves better recall than the baseline
96% of the times and better precision almost all the times. BLIMEA obtained the
best performance results between the two evaluated approaches (see Table 9.3).
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Overall, these results confirm that the use of BLIMEA against the baseline
approach has an actual impact. However, we can see that there are some bugs
(around 24% on average) that are not properly located by the approach. This
happens because the fitness functions that guides the search is not giving high
fitness values to the model fragments realizing those bugs. This can happen due
to differences between the language used in the bug descriptions and the product
models, or in cases where there are few differences in the modification timespan
among the different model fragments.

9.5.3 EBRo Evaluation

This evaluation is part of the work of MoDELS *18 [13]. The experiment evaluates
whether or not the information found in the reconfiguration sequences improves
the bug localization results.

We compare the EBRo approach with the baseline [99] and with a random
search (RS). The baseline is the same as in the previous section, the approach
used by our industrial partners for bug localization. In addition, RS works as
sanity check. If RS outperforms an intelligent search method, we can conclude
that there is no need to use a metaheuristic search. To perform the evaluation, we
applied the approaches to two of our case studies: BSH and CAF.

EBRo Baseline RS
Recall £ (¢) 0.83 £0.14 0.72 +0.14 0.35 4+ 0.04
E} Precision + (o) 0.78 £0.09 0.63 +=0.09 0.40 £ 0.06
A  F-measure = (¢) 0.79 £0.09 0.66 £0.07 0.37 +0.03
MCC £ (¢) 0.78 £0.10 0.63 +£0.08 0.31 +0.04
Recall £ (¢) 0.80 £0.08 0.70 +£0.09 0.41 £ 0.05
% Precision + (o) 0.76 £0.12 0.65 £+ 0.11 0.38 £ 0.06
O F-measure + (o) 0.77 £0.07 0.67 £0.07 0.39 + 0.04
MCC £ (o) 0.75£0.08 0.64 +£0.08 0.33 +0.05

Table 9.4: Mean values and standard deviations for precision, recall, F-Measure
and MCC for each approach and each case study

Table 9.4 shows the mean values of recall, precision, F-measure, and MCC for
the EBRo, baseline, and RS approaches in each case study. The EBRo approach
obtains the best results in recall, precision, and MCC, providing an average value
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of 0.83 in BSH and 0.80 in CAF in recall, 0.78 in BSH and 0.76 in CAF in pre-
cision, and 0.78 in BSH and 0.75 in CAF in MCC. The second-best results are
obtained by the baseline, providing an average value of 0.72 in BSH and 0.70 in
CAF in recall, 0.63 in BSH and 0.65 in CAF in precision, and 0.63 in BSH and
0.64 in CAF in MCC. The RS approach provided an average value of 0.35 in BSH
and 0.41 in CAF in recall, 0.40 in BSH and 0.38 in CAF in precision, and 0.31
in BSH and 0.33 in CAF in MCC. In terms of recall, precision, and MCC, EBRo
outperforms the rest of the approaches.

Regarding the statistical analysis, the p—V alues obtained in the Quade test are
well below 0.05. Consequently, we can state that there are significant differences
among the algorithms for the four performance indicators. In addition, all of the
p — Values of Holm’s post hoc analysis are smaller than their corresponding
significance threshold value (0.05), indicating that the differences in performance
between the algorithms are significant.

In the effect size statistics, the largest differences were obtained between EBRo
and the RS approach, where EBRo achieves better results all of the times. When
comparing EBRo and the baseline, the differences are not so large, with EBRo
achieving better results in around 80% of the times. EBRo obtained the best per-
formance results among the three evaluated approaches (see Table 9.4.

The performed statistical analysis indicated that EBRo outperforms the rest
of the approaches in terms of recall, precision, and MCC. Overall, these results
confirm that the use of EBRo against the baseline and the RS approaches has an
actual impact.

Our results confirm that the EBRo and the baseline approaches are better than
random search based on the four metrics (recall, precision, F-measure, and MCC)
on both the BSH and CAF case studies. Through this study, we concluded that
there is empirical evidence to support the significance of the results of our algo-
rithm. Thus, an intelligent algorithm is required to find good solutions to perform
bug localization in reconfigurations of models at runtime.

In addition, the solutions obtained with the EBRo approach are better than
the ones obtained with the baseline approach. The search space with the EBRo
approach is driven by the reconfigurations, as it happens at runtime. While the
baseline explores a much larger search space, any model conforms to the meta-
model, and does not take into account the runtime reconfigurations.
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10.1 Overview

Based on the experiences from the evaluations performed, we present the lessons
that we learned in order to assist researchers in the context of feature and bug
localization in models.

We have applied our approaches to several model-based systems. The left part
of Figure 10.1 shows the systems and how they are related to each other. This
thesis focuses on model-based systems. The right part of Figure 10.1 shows the
elements that appear in each of the systems. For example, all model-based systems
have design time models. However, not all model-based systems have models at
runtime or dynamic reconfigurations.

Design|Model at|Reconfigurations
model | runtime

Model-based Systems [ ) [ ) ()
systems

Model-based
systems

MRT systems

systems

N4 ° °
v Vv °
Reconfigurable \/ ° \/
v Vv v

Reconfigurable
MRT systems

\/ always @ optional

Figure 10.1: Systems in which we have applied our approaches

The approaches presented throughout this thesis need some model elements
in order to work (see Table 10.1). To perform bug localization with EBRo, we
need a system with at least design time models and dynamic reconfigurations. To
perform bug localization with BLIMEA, we need a system with at least design
time models. And to perform feature localization with DFL, we need a system
with at least, design time models and runtime models.

In addition, taking into account the results obtained in our evaluations, we
realized that our approaches are complementary. In the real word, before locating
a bug, in most cases, we do not know the source of the bug for sure. Figure 10.2
shows an overview of how to apply our approaches in a reconfigurable system
taking into account the challenge to be solved. Furthermore, if the approach does
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Design  Model at .
. Reconfigurations
model  runtime
EBRo M - M
BLiMEA M - -
DFL M M -

Table 10.1: Mandatory and non-mandatory model elements necessary to apply

our approaches

not perform well, we list some of the issues that we have found throughout the

evaluations.

1. Vocabulary mismat:
2. Implicit knowledge

3. Invalid reconfiguratio

ch

:

4. Poor use of models

Manually

FLiM-RT

1. Vocabulary mismatch
2. Implicit knowledge
5. Not related to timesp:

]

refine

Model
fragments

* All white background shapes belong to this thesis.

Challenges

1. Vocabulary mismatch!
2. Implicit knowledge

]

Manually v
refine Model
elements

Gray background ones belong to the baseline.

6. Poor model traces

Manually
refine

Figure 10.2: Application flow for a model-based reconfigurable system

The top part of Figure 10.2 presents the challenges: BLiM-RT, BLiM, and
FLiM-RT. They are ordered from more specific to more general. For each of

the challenges, we recommend starting by using one of our approaches: EBRo,
BLiMEA, or DFL. However, some issues can arise (see notes of Figure 10.2).

Hence, we recommend applying specific approaches taking into account the
problem to be solved and the system where the feature or bug is located. If the
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results are not satisfactory, then we can manually refine the solutions or apply
other approaches. In the example of Figure 10.2, we want to locate a bug and we
have a system with dynamic reconfiguration rules. Our recommendation is to use
the EBRo approach as the starting point. If the results obtained by EBRo are not
useful, other approaches can be launched since they explore a larger solution space
than EBRo. We recommend starting with EBRo because, if you find the bug, you
would get more accurate information about it, i.e., the reconfiguration sequence
that generates the bug. This idea of changing approaches arises as a result of
jointly contemplating the approaches in this thesis. However, it still needs to be
evaluated.

10.2 Issues detected in our approaches

This section presents the issues detected throughout our evaluations. These issues
are: vocabulary mismatch, implicit knowledge, invalid reconfigurations, poor use
of models, bugs that are not related to timespan modifications, and poor model
traces.

10.2.1 Vocabulary mismatch

All of our approaches suffer from vocabulary mismatch. This means that for a
specific concept, the terms used in the bug description are different from the terms
used in the models. For example, the bug description includes the word ’current’
to refer to the electrical energy that reaches an inductor. However, in the models,
the word 'power’ stands for the same concept. Nevertheless, this issue could be
solved by augmenting the natural language processing (NLP) with a dictionary of
synonyms.

In the same way, we have also detected cases in which in-house terms are used;
for example, instead of using the word ’inverter’, the name of a manufacturer is
used (’Fairchild’). Therefore, the regular dictionary of synonyms would not work
in this case. This suggests that the dictionary of synonyms should be refined by
domain engineers to include in-home terms.

10.2.2 Implicit knowledge

Another issue is the case in which the bug description is incomplete. For exam-
ple, in a bug description the following sentence can appear: 'The induction hob
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crashes when the user selects the power level 9 for a double inductor’. The engi-
neers understand that the inductors have to reach that power level when the user
selects it. However, this sentence also embodies implicit knowledge that is not
written but is obvious to the domain engineers: 'The double inductor is formed by
two concentric inductors’, and ’If the pot that is on the top is large enough, both
inductors have to reach the power level 9; otherwise, only the central inductor
must reach that level.’

Omitting words in the bug description negatively influences the fitness value
of textual similarity since the fitness value of textual similarity is based on the co-
occurrence of terms. This suggests that we must make the engineers aware of this
issue. They should know that in cases in which the results obtained do not have
enough quality and more model elements need to be located, they can reformulate
the descriptions of the bugs in order to make the implicit knowledge explicit.

10.2.3 Invalid reconfiguration sequences

This issue is a specific problem of the EBRo approach because it is the only solu-
tion that uses the reconfiguration rules. We realized that some solutions are invalid
sequences of reconfigurations that, theoretically, are not going to take place since
the necessary context changes can never occur. In our future work, we will study
the introduction of crossover and mutation operators that, by construction, do not
generate invalid sequences. We will also study a repair operation for invalid se-
quences.

Although we are interested in the influence of narrowing the search space,
we believe that we must maintain the possibility of generating sequences of the-
oretically invalid reconfigurations. For instance, induction hobs are sold all over
the world and sometimes they are used in unforeseen ways, causing extremely
unlikely sequences of reconfigurations to occur. These otherwise impossible re-
configurations are potential sources of bugs.

10.2.4 Poor use of models

We realized that the model elements that contained few attributes and methods got
worse positions in the rankings than the ones that contained more attributes and
methods. The information required by these elements was not as detailed as the
other model elements when specifying the model. For this reason, these model
elements got a lower position in the ranking.
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In addition, the results suggest that there is a relationship between the use of
models at runtime and the quality of the solutions. The results are better the more
you have specified the reconfigurations using the models at runtime. In other
words, the fewer the flow control operators (e.g., ifs) and auxiliary variables used
to reconfigure the system, the better.

This finding suggests that the models at runtime pay off when doing bug lo-
calization. However, the finding must be taken cautiously, since our evaluation
was not designed to verify the influence on the quality of the solutions of models
at runtime, but rather to compare the performance of different approaches in the
location of bugs in the reconfigurations of models at runtime.

10.2.5 Bugs not related to timespan modifications

Our results confirm the relevance of the Defect Localization Principle to models.
The majority of bugs provided by the industrial partners (about 90%) are related
to recent modifications. For bugs that are not related to recent modifications, our
approach (in spite of including a timespan objective) obtains similar or slightly
worse results than the baselines used in terms of recall, precision, and MCC.

This suggests that, given a bug description where we do not know whether or
not the recent modification timespans are relevant, the inclusion of the objective
of the Defect Localization Principle generally leads to better results than if it is
not included. However, if the bugs are not related to recent modifications, it is
not necessary to use an approach that takes into account the timespan to the last
modification.

10.2.6 Poor model traces

Similarly to the poor use of models at runtime, model traces that contain more
details about the runtime information, on average, obtain better results. However,
they do not always get the best results. These traces are composed of more models
than the model traces that contain less runtime information. In addition, two con-
secutive models of a trace that contains more runtime information are typically
more similar than two consecutive models of a trace that contains less runtime
information.

More information implies a larger search space in which we have to locate
the feature. The fact that the models in the trace are similar can imply similarity
of terms in the documents of our information retrieval technique (LSI). This may
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cause the technique does not discriminate between some models. However, in
75% of the cases, the dynamic feature localization with model traces that contain
more details about the runtime information obtains better results than the ones that
contain less information.

10.3 Findings detected in our approaches

The following subsections present the findings detected throughout our evalua-
tions. These findings are: reduction of search space, high level of abstraction,
good performance between information retrieval and the defect localization prin-
ciple, and non-reliance on the domain.

10.3.1 Reduction of search space

The goal of a feature or bug localization technique is to reduce the effort required
by software engineers to find the desired feature or bug. We realize that the more
specific the solution, the smaller the search space.

In addition, our model-based approaches reduce the search space compared
to program-code-based approaches. Our model-based approaches, on average, re-
quire searching in fewer model elements than the program-code-based approaches.

For example, the Smart Hotel case study presents 68 model elements in its
architecture model. The software components of the Smart Hotel consist of 268
classes that are implemented in about 67,207 methods of Java source code. When
we applied our dynamic feature localization approach, the traces generated were,
on average, composed of 46 model elements with our dynamic feature localization
approach and 3,817 methods with the source-code based approach. Therefore, the
reduction of search space is significant; searching in 46 elements does not require
the same effort as searching in 3,817 elements.

10.3.2 High level of abstraction

Since models allow working at a high level of abstraction, the words used at the
model level are closer to textual descriptions than the ones used in program-code-
based approaches. The result is that queries using a natural language show bet-
ter results with the model-based approaches. In program-code-based approaches,
some general programming terms are taken into account. Some terms, like 'con-
troller’ or ’run’, originate from some programming patterns. By raising the level
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of abstraction with the models, we can prevent general programming methods and
variables from interfering with the feature location.

This leads to better discrimination in our approaches. The majority of the
elements that are relevant to the feature or bug achieve better results than the
ones that are not relevant. However, in the program-code-based approaches, the
program-code methods that are relevant to the feature or bug and the ones that are
not relevant are not differentiated.

10.3.3 Good performance between information retrieval and
the defect localization principle

Bugs cannot be located using only textual similarity (as the baseline does) due to
vocabulary mismatch and to descriptions with implicit knowledge. The reason is
that some text is missing or that the texts of the description of the bug and the
models are different.

Bugs cannot be located using only the defect localization principle. The rea-
son is that all recent modifications would be suggested as being relevant to the
bug. Therefore, the combination of textual similarity and the defect localization
principle helps to locate bugs.

10.3.4 Non-reliance on the domain

Finally, we have applied our approaches to three case studies from very different
domains. Two of them are real industrial cases (BSH and CAF). In all of the
scenarios, we obtained good quality results. Hence, the findings suggest that our
approaches do not rely on the domain because the results depend on the models
themselves.

10.4 Comparison to other works

In recent years, many feature and bug localization approaches have been proposed.
Table 10.2 shows a summary of some of the works and the scope of the approaches
presented in them.

The first row of Table 10.2 includes approaches that only take into account the
source code as the artifact that represents the feature or the bug. Dift] [67] is a tool
for comparing different versions of programs to find bugs. AML [70] and NetML
[71] utilize multi-modal information from both bug reports and program spectra
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Scope
Design MOd.el at Reconfigurations
model  runtime
Program-code approaches:
Diff] [67],
AML [70] X X X
NetML [71],
Amalgam+ [72]
Model-based approaches:
MoVa2PL [100], v o o
BUT4Reuse [101],
FLiMEA [102, 99]
This thesis v v v

Table 10.2: Comparison to other approaches (v'= applied to the design model, the
model at runtime, or reconfigurations; X = not applied).

to localize bugs. Amalgam+ [72] is a method for locating relevant buggy files that
puts together fives sources of information, namely, version history, similar reports,
structure, stack traces, and reporter information.

These approaches have not been applied to models. In contrast, our approaches
apply the ideas used in source code (static and dynamic analysis, information re-
trieval, and the Defect Localization Principle) in models. We have evaluated the
approaches successfully by applying them in models.

The second row of Table 10.2 includes some works that focus on the local-
ization of features in models by comparing the models with each other in or-
der to formalize the variability among them in the form of a Software Product
Line. MoVa2PL [100] considers the identification of variability and commonal-
ity in model variants as well as the extraction of a CVL-compliant Model-based
Software Product Line (MSPL) from the features identified on these variants.
BUT4Reuse [101] is a bottom-up approach for implementing systematic software
reuse.

Nevertheless, many of the model-based approaches are based on mechanical
comparisons among the models, classifying the elements based on their similarity
and identifying the dissimilar elements as feature realizations. In contrast, our
work does not rely on model comparisons to locate the features or the bugs.

In addition, FLIMEA [102, 99] uses a genetic algorithm for feature localiza-
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tion in models that could potentially be applied to perform both feature and bug
localization even though they were not designed to locate bugs.
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Chapter 11. Conclusion

11.1 Overview

This chapter recapitulates the results presented and concludes the dissertation.

First, we answer the three research questions proposed in the dissertation. Then,
the ongoing research is described. Finally, we conclude the dissertation.

11.2 Research Questions

The three research questions of the dissertation have been addressed through each

of the evaluations presented. We present the answers to these research questions
below:

Research Question 1: How does the use of runtime traces gives valuable addi-

tional information on only static program/models in Feature Location?

Answer to RQ1: To address RQ1, we developed an approach for feature local-

ization in model traces. To do this, we combine models at runtime and
Information Retrieval for feature location. The information is collected in
the model at runtime and is filtered with information retrieval in order to
extract the model elements that are relevant to the feature. The results show
that the use of runtime information pays off when pursuing feature local-
ization. Specifically, according to the experiments, the use of model traces
outperforms the use of source code traces and the information recorded in
the model traces influences the results.

Research Question 2: To what extent are the techniques for bug localization that

are used in program code applicable to software based on models as well?

Answer to RQ2: To address RQ2, we developed an approach for bug localiza-
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tion in models (BLIMEA). To do this, the approach uses a Multi-objective
Evolutionary Algorithm (MOEA) with two fitness functions: (1) Informa-
tion Retrieval (IR); and (2) modification timespan. These two fitness func-
tions are widely used in program-code-based approaches for bug localiza-
tion. Hence, we adapted them to work with models. The results shows
that the use of BLIMEA has an actual impact on bug localization in model-
based systems, providing more accurate results than the approaches of the
literature.



11.3. Ongoing Research

Research Question 3: How can we best locate bugs in model-based systems that
are subject to dynamic reconfigurations?

Answer to RQ3: To address RQ3, we developed an approach that focuses on
locating bugs that appear as the result of dynamic reconfigurations of the
systems due to context changes (EBRo). To do this, the approach uses an
evolutionary algorithm that is guided by a fitness function that considers the
similarity to the description of the bug. The results show that there is em-
pirical evidence to support the significance of the results of our algorithm.
In addition, the solutions obtained with the EBRo approach are better than
the ones obtained with other approaches.

11.3 Ongoing Research

The contributions presented in this dissertation are the results of the ongoing work
that is currently being developed further. Specifically, the evolutionary algorithm
used is currently being adapted to work under different conditions and applied to
serve different purposes. This section presents some open research questions and
the ongoing work that is being done to address them.

Parameter values of the evolutionary algorithm: Some of the approaches pre-
sented in this dissertation take advantage of evolutionary algorithms. Algo-
rithms of this kind have several different parameters that can be modified
and that can determine whether the search is successful or fails [103]. The
problem of setting the parameters before running the algorithm is known as
parameter tuning [103].

Throughout the work developed for this dissertation, we performed parame-
ter tuning to find the best values for the parameters of our algorithms. How-
ever, the focus of this work is to compare the performance of the algorithms
in terms of solution quality. We tried different values of the initial popu-
lation and the crossover and mutation probability. Nevertheless, it did not
have effect on our main focus. Even though we decided to maintain the
default values commonly used in literature, determining which quantitative
parameters provide the best results for each domain remains an open ques-
tion and we are currently doing research to address this.

Good parameters in our algorithms for feature and bug localization can im-
prove the results obtained. The solution of a specific problem such as our
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feature or bug localization approaches requires a set of specific parameters
that guarantee a satisfactory performance. The optimization of these param-
eters is a task that consumes a great amount of time and that often demands
the subjective intervention of an expert.

Machine learning fitness: Our approaches use different fitness functions to ex-

plore the search space in which we want to locate the feature or the bug.
Specifically, we have adapted functions that work in program code ap-
proaches to work with models.

Similarly, machine learning could be applied as a fitness function in our
approaches. We are currently working on adapting our approaches to use
machine learning [104]. One of the challenges of applying this technique in
models is identifying the set of elements from a model that are relevant to
the problem and encoding them into vectors.

We believe that the approaches presented in this dissertation can be up-
graded with machine learning as a fitness function. This will allow our fea-
ture and bug localization approaches to search for patterns instead of textual
similarity or timespan weightings. Some machine learning techniques have
been applied for information retrieval with varying degrees of success [105].

Experiments with generic modeling languages We applied our approaches to
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domains with domain specific languages (DSLs). Unlike generic model-
ing languages such as UML, metamodel elements in DSLs contain domain
information. On the one hand, the metaelement Class of UML is generic
enough to be relevant for different domains. On the other hand, a metaele-
ment such us Inductor of our Induction Hob DSL is relevant for specific
domains only. This is also the case of other generic modeling languages,
such as BPMN or ARCHIMATE.

This suggests that in the hypothetical case that our domains were specified
with a generic modeling language, the results could have been worse since
the terms of the model would not be similar to the terms of the description of
the features or bugs. Therefore, we think that specific experiments should
be carried out with generic modeling languages in order to determine the
performance with the current approach, assess the need to reformulate the
query, or even identify new objectives to guide the feature or bug localiza-
tion.



11.4. Related publications

Although our approaches have been applied to several domains based on
MOF [106] with good results, we think that it is important to have more
generalizable approaches. We plan to perform more evaluations with other
modeling languages.

11.4 Related publications

Although there are some open research questions, the work presented in this dis-
sertation has provided a step forward in terms of addressing the issues of feature
and bug localization in model-based systems at design time and runtime. Specifi-
cally, the work presented in this dissertation includes the following:

Conferences: Our work has been presented at scientific venues (such as the 10th
and 11th International Workshop on Models@run.time, the 9th Interna-
tional Conference on System Analysis and Modeling, the 13th European
Conference on Modelling Foundations and Applications, the IEEE 23rd In-
ternational Conference on Software Analysis, Evolution, and Reengineer-
ing, the 26th International Conference on Information Systems Develop-
ment, and the ACM/IEEE 21th International Conference on Model Driven
Engineering Languages and Systems ).

Journals: Our work has been published in an international journal (namely Soft-
ware & Systems Modeling [12]).

Research projects: Our work has contributed to national and international re-
search projects such as VARIAMOS (Spanish national research project) and
REVaMP?2 (an international ITEA 3 Call 2 project).

Industrial scenarios: Our work has been evaluated in industrial scenarios such
as BSH (the leading manufacturer of home appliances in Europe) and CAF
(a worldwide provider of railway solutions).
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Abstract. Model Driven Engineering (MDE) has the potential to be
used at run-time, to monitor and verify particular aspects of run-time
behaviour. Models at run-time provide a kind of formal basis for rea-
soning about the current system state at run-time, for reasoning about
necessary adaptations, and for analyzing or predicting the consequences
of possible system adaptations. However, we believe that models at run-
time paradigm can be useful in other research areas such as variability
extraction and feature location. This work proposes the use of models
at run-time for increasing the information for feature location. We have
tried this work with a Smart Hotel defined with an architecture model at
run-time and driven by a reconfiguration loop. The results indicate that
the models at run-time paradigm generates information that can be used
in the area of feature location. In addition, the results show that there is
potential in combining these two research areas: models at run-time and
feature location.

Keywords: Models@Run-time, Common Variability Language, Reverse
engineering

1 Introduction

Model Driven Engineering (MDE) is used at run-time, to monitor and verify
particular aspects of run-time behaviour [1]. Models at run-time provide a kind
of formal basis for reasoning about the current system state, for reasoning about
necessary adaptations, and for analyzing the consequences of possible system
adaptations. Models at run-time development approaches have the proven capa-
bility to deliver complex, dependable software efficiently and effectively.

Other research areas are focused on variability extraction and feature loca-
tion. Currently research efforts in feature location are concerned with identify-
ing software artifacts (source code) associated with a program functionality (a
feature). Feature location is one of the most important and common activities
performed by developers during software maintenance and evolution [3].



In Models at run-time, the approaches define a causal connection between
the system and the run-time model (there is a bidirectional relation between the
source code and the run-time model). We believe that the information extracted
from models at run-time approaches can be useful in the feature location field.

This work proposes the use of models at run-time for increasing the informa-
tion for feature location. We develop an algorithm for retrieving the model infor-
mation from a given feature selected by the software engineer (target feature).
The input of the algorithm is an execution trace from a models at run-time ap-
proach. This trace contains all the possible configurations, as well as the number
of times they occurred during the execution time. Then, the software engineer
has to select a model fragment which he believes takes part of the target feature.
Our algorithm considers this model fragment as a seed for the next step. This
seed is mutated taking into account the models of the configurations extracted
from the trace. The result is a ranking of model fragments that can be part of the
target feature. In the last step, the software engineer has to manually select the
model fragment that he believes is the one corresponding to the target feature
taking into account the ranking information.

We have tried this work with a Smart Hotel defined with an architecture
model at run-time and driven by a reconfiguration loop. In addition, we have
the feature model corresponding to the architecture model. We use this feature
model as an oracle to know the accuracy of the final results. The average of the
comparisons indicates that the software engineer didn’t select the correct frag-
ment model for the target features. However, the fragment model corresponding
to the target feature was in the top of the ranking. Although we have to tune
the ranking information, the results of the evaluation indicate that the models
at run-time paradigm generates useful information for the feature location.

Finally, we realize that the combination of models at run-time area with
feature location area requires more research. Some of these open questions are
related to the length of the trace that we need for more accurate information,
and the information that we can extract from the transitions between configura-
tions. Hence, the number of fragment mutations that is done by our algorithm
needs refinements, as well as the restrictions that we can select in the mutations.
Finally, this work should be compared with other dynamic techniques for fea-
ture location. Thus, this work could be used in combination with other feature
location techniques for extending the information retrieved about the features.

The remainder of the paper is structured as follows. In Section 2, we present
the motivation of this work. In Section 3, we present the Smart Hotel. In Section
4, we introduce our algorithm. In Section 5, we illustrate our algorithm with the
Smart Hotel.In Section 6, we present the discussion of the results. In Section 7,
we examine the related work, and we present the conclusions in Section 8.

2 Motivation

Reverse Variability engineering approaches are focused on variability extrac-
tion and feature location [3]. In feature location, some of the techniques include
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dynamic analysis. Dynamic analysis refers to examining software system’s exe-
cution. That is, feature location using dynamic analysis relies on a post-mortem
analysis of an execution trace to find the source code of a specific feature.

Trace analysis is the main technique used at run-time to extract relevant
information to create the variability model. When the system under study is
executed, it generates a trace indicating which parts of the code have been
executed. Usually, they compare the traces produced when a certain feature is
executed with the traces produced when a certain feature is not executed to
isolate the parts of the code involved in such feature. Some approaches ([12,
5]) are based solely on the trace analysis while other works combine dynamic
analysis with other static analysis ([4,11]).

Models at run-time approaches define a causal connection between the system
and the run-time model. That is, there is a bidirectional relation between the
source code and the run-time model. The benefit of using models at run-time is
that they can provide richer traces taking advantage of the source code and the
models.

Hence, we believe that the information extracted from models at run-time
approaches can be useful in the feature location field. These traces that combine
source code with run-time models can provide more data than the traces that
only take into account the source code.

3 The Smart Hotel

The example of this paper is performed through a reconfigurable Smart Ho-
tel [2]. The run-time reconfigurations are performed by an implementation of
a MAPE-K loop [8] named Model-based Reconfiguration Engine (MoRE) [2].
In this section, we present MoRE reconfiguration MAPE steps and the Domain
Specific Language (DSL) that MoRE uses as knowledge to switch between con-
figurations of the Smart Hotel.

We use Pervasive Modelling Language (PervML) [10] to describe the Smart
Hotel architecture. PervML is a DSL that describes pervasive systems using
high-level abstraction concepts based on Meta-Object Facility (MOF) *. This
language is focused on specifying heterogeneous services in specific physical en-
vironments such as the services of a Smart Hotel. This DSL has been applied
to develop solutions in the Smart Hotel domain. The PervML language provides
different models to specify the services and devices of a pervasive system.

Due to space constraints, in this work, we only focus on the subset of Per-
vML that specifies the relationships among devices and services. This subset
specifies the components that define a particular configuration system (services
and devices) and how these components are connected with each other (chan-
nels). Services are depicted by circles, devices are depicted by squares, and the
channels connecting services and devices are depicted by lines (see Fig. 1).

In MoRE, the Monitor (M) uses the run-time state as input to check context
conditions. If any of these conditions are fulfilled, the Analyzer (A) uses the

! Meta object facility (MOF) 2.0 core specification, 2003
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Fig. 1. Smart Hotel Architecture Model

associated resolution and the previous model operations to query the run-time
models about the necessary modifications. The response of the models is used
by the Planner (P) to elaborate a reconfiguration plan. This plan contains re-
configuration actions, which modify the system architecture and maintain the
consistency between the models and the system architecture. The Execution (E)
of this plan modifies the architecture by executing reconfiguration actions that
deal with the activation and deactivation of components and the creation and
destruction of channels among components.

MoRE calculates the architecture increments and decrements in order to de-
termine the actions necessary to modify the system architecture. The adaptations
policies of the Smart Hotel are expressed by means of optimizations algorithms
that depend on the inputs at run-time. For this reason, the configurations of the
Smart Hotel are not known at the beginning.

4 Feature location with Models at Run-time

Our algorithm for feature location is based on identification and extraction of
model fragments related to a given feature. Fig. 2 presents an overview of the fea-
ture location algorithm to identify and extract model fragments, which consists
of four steps.

The first step (Models@RT Traces) gets the input of the algorithm. It gets
the trace resulting from a system that has been running for a specified time.

In second step (Fragments Mutation), the software engineer decides which
feature to locate (target feature). The step performs automatic mutations of
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configuration
in the trace

Fig. 2. Feature Location Algorithm

the model fragment designated as seed. The seed is selected by the software
engineer, it is a model fragment of the complete architecture model that the
engineer believes takes part of the target feature. The selection of the model
fragment is based on the intuition of the software engineer of what parts of the
model could be part of the target feature. The fragments are formalized by means
of the Common Variability Language (CVL) [7]. This step takes as input the
architecture model from the different configurations of the trace and the selected
seed. The result is a set of fragments that are variations of the seed fragment.

The mutations are performed taking into account the model and the seed.
Taking the seed fragment model as starting point, some model elements are
added to or removed from the seed model fragment. The elements added during
mutations are obtained from the corresponding architecture model from each
configuration. The generated fragment is a subset of model elements from the
corresponding architecture model of the configuration. Hence, we can guarantee
that the generated fragments are part of the architecture model of each config-
uration. This step is performed as many times as different configurations in the
trace to extract all possible fragments.

The third step (Fragments Candidates) assesses each fragment obtained in
the second step. This step is performed automatically. The algorithm checks on
how many occasions the model fragment appears in the trace. The values are
assigned depending on the configurations in which the fragment appears and
the number of times that these configurations appear in the trace. That is, each
fragment has a point for each of the different configurations in which it appears,
and each fragment has a point for each time the configuration in which it appears
is present in the trace.

In the fourth step (Fragments Ranking), the last one, the fragments are
ordered in a ranking taking into account the values obtained in the previous
step. The ranking is composed by all the model fragments obtained from the
different configurations. The model fragments with higher values are in the top
part of the ranking because they are the most relevant to the target feature.

Taking into account this information, the software engineer can select the
model fragment that best fits their understanding of the target feature. For
instance, he can select the initial seed selection, however some of the model
fragments can provide more relevant information for the feature.



The algorithm can be repeated until all the recognizable features of the ar-
chitecture model have been located. The number of loops needed depends on
the domain where it is being applied and the amount of variability that must be
formalized.

5 Example: Feature Location in the Smart Hotel

We tried our algorithm with a Smart Hotel defined with an architecture model
and driven by a reconfiguration loop (MoRE). The role of the software engineer
was carried out by a master student outside this work.
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Fig. 3. Configuration 3 and Mutations of the Seed Fragment

We executed the Smart Hotel software during a time. The Smart Hotel re-
configured itself thirty times between twelve different configurations.

In this example, the feature that the software engineer wanted to locate is
the feature related to Multimedia services. The software engineer selected the
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Multimedia Service (see circle 1 of Fig. 1) as seed because he believes it is the
model fragment that best fits with the target feature.

The algorithm performed mutations taking into account each of the models
(one at a time) and the selected seed. Fig. 3 shows the application of the step.
The graph represents all the fragments obtained from the mutations. Each node
(rectangle) represents a fragment. In this case, the image shows the mutations
corresponding to the Configuration 3 architecture model of the Smart Hotel.
There are three mutation levels, however the algorithm can be restricted to cal-
culating fragments up to a fixed depth level. Top part of Fig. 3 shows the model
fragment selected as seed (Multimedia Service). The rest of the graph contains
possible fragments that can correspond to the target feature (Multimedia).

Fig. 4 shows the application of the four step of the algorithm. Each column
shows each model fragment while each row shows the information about each one
of the fragments. Second row (Occurrences in configurations) shows in how many
configurations appears the fragment. In this case the numbers are x/12 because
the trace contains twelve configurations. Third row (Occurrences in reconfigu-
rations) shows how many times appears the configuration in the trace. In this
case the numbers are x/30 because the trace contains thirty reconfigurations.

After the application of the algorithm the software engineer had to decide
which is the model fragment that corresponds to the searching feature. Fig. 5
first column (Chosen by the user) shows the model fragment that he selected for
the target feature Multimedia.

In this case, for checking the results we had the feature model that corre-
sponds to the architecture model of Fig. 1. Then, we could use this feature model
as an oracle to check the response of the software engineer. The oracle indicated
that the fragment chosen was not the correct one for the feature Multimedia.
Fig. 5 second and third columns (Oracle) shows the correct fragment for the fea-
ture Multimedia and the corresponding features corresponding to the software
engineer choice.

Fig. 5 shows that the correct fragment for the feature was the one which
was chosen as seed. The model fragment selected by the software engineer cor-
responds to the target feature and to an optional feature that can be selected
once the target feature is selected (see Fig. 5 third column).
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6 Discussion

Although the user have not chosen the right model fragment for the feature
Multimedia, Fig. 4 shows that the right model fragment has the same values
than the model fragment selected in the ranking. Both appear in the top part
of the ranking because the two fragments are relevant for the feature.

This work presents our ongoing work and our preliminary results of the ap-
plication of our algorithm in a reconfigurable Smart Hotel. Despite the fact that
the results shown are for locating only one feature, we have done tests for other
features (i.e., Security, Automated Illumination,. .. ) with similar results. The re-
sults and the evaluations performed indicate that we need to tune our algorithm
to get accurate information.

Two of the main improvements for our algorithm could be the creation of an
heuristic to determine how many mutation levels are needed, and the possibility
of establishing restriction in the mutations of the fragments. The heuristic can
help us to determine the number of levels needed in the mutations depending
on the domain, the size of the architecture model and the accuracy needed. The
restrictions allow us to limit the fragments that can appear in the mutations.
For example, in the Smart Hotel we can restrict the mutations to fragments
that connect one service with one device. The result will be the fragments that
satisfy the restriction while the fragments that don’t satisfy the restriction will
be discarded.

In addition, future work can contribute to the feature location area providing
data about the trace so that it contains enough information for feature location.
Our example shows that the software engineer has not chosen the right model
fragment. He selected the model fragment that corresponds to the target feature
and to an optional feature that can be selected once the target feature is selected.
This is because in all the configurations of the trace used in the algorithm the
target feature and the optional feature are selected, hence both appear in the
architecture model. This error could have been solved with a longer trace or
other trace containing more relevant information.
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Furthermore, leveraging models at run-time, some extra data from the tran-
sitions between configurations could improve the information that can be shown
to the user to select the correct model fragment for the target feature.

Finally, we can obtain more information for improving our algorithm if we
perform the same example of our work with other feature location techniques.
Comparing the results may make us realize the weaknesses of our algorithm.
Moreover, we can find some other technique that can cover these weak areas.
Thus, this work could be used in combination with other feature location tech-
niques for extending the information retrieved about the features.

7 Related work

To the best of our knowledge, there are no research efforts in the models at run-
time area to locate features. Some approaches use design-time models to extract
variability as follows.

Zhang et al. [14] present an approach to compare models to obtain the differ-
ences between them. This variability is used to build a variability model that is
presented to the user to be validated and extended. Font et al. [6] propose to iden-
tify model patterns by human-in-the-loop and conceptualize them as reusable
model fragments. Their approach provides the means to identify and extract
those model patterns and further apply them to existing product models. Mar-
tinez et al. [9] propose an extensible framework that allows to identify, locate and
extract features from the models. As a result, the task of adopting a software
product line from a family of models reducing the initial investment required
is provided. Wille et al. [13] present an approach to compare products from a
family, focusing on the extraction of the variability between the interfaces of the
different components in the models.

All of these works are based on extract model fragments from a given set
of models. However, these approaches don’t take into account the run-time be-
haviour of the systems.

8 Conclusion

This work extends the feature location techniques leveraging the models at run-
time paradigm. Specifically, our algorithm retrieves information of the run-time
models for improving feature location in reconfigurable systems.

Although we realize that the combination of models at run-time area and
feature location area requires more research, our evaluation shows the prelimi-
nary results of how the models at run-time can generate useful information at
model level.

In the near future, we would like to explore and improve the weak points
of our algorithm: the number of fragment mutations that is necessary, and the
restrictions that we can select in the mutations. In addition more research is
necessary to exploit all the benefits that models at run-time can contribute to
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the feature location: the information that we can extract from the transitions
between configurations, and the length of the trace that we need for more accu-
rate information. Finally, we can obtain more information for our algorithm if
we compare our work with other feature location techniques.
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Abstract—Current research efforts are focused on taking
ad: ge of the dels at run-time for run-time decision-
making related to run-time system concerns associated with
autonomic and adaptive systems. In addition, all systems need
maintenance over time as new requirements emerge or when
bug-fixing becomes necessary. Models at run-time can provide
an execution trace of a high level of abstraction that is useful
for maintenance tasks. In this paper, we propose a generic
infrastructure, which is able to get the run-time model trace.
Our infrastructure creates a descriptive model of the running
code by means of Code-Model Connection Rules. These rules
translate the behaviour of the running source code in model
traces. We validate our infrastructure in a Smart Hotel. The
results of our infrastructure show promising results towards
the generation of model traces from source code at run-time.
However, further work is required to a better specification of
the rules, to solve some issues with the model dependencies and
to allow the propagation of changes in the models to the source
code.

I. INTRODUCTION

Models at run-time research efforts are concerned with how
abstractions of software implementations can be used at run-
time to manage software changes at run-time [1]. Current
research works are focused on how models can be used to
support run-time adaptations in autonomous systems (i.e., in
self-* systems) [2]. Usually, the adaptation actions are driven
by a MAPE-K loop [3] and prescriptive models. That is,
changes in the model are transferred to the system.

In software development, all systems evolve over time
as new requirements emerge or when bug-fixing becomes
necessary. Lehman et al. [4] pointed out that up to the 80% of
the lifetime of a system is spent on maintenance and evolution
activities. Currently, research efforts in feature location are
concerned with identifying software artifacts associated with
a program functionality (a feature). Feature location is one
of the most important and common activities performed by
developers during software maintenance and evolution [5].

The amount of run-time data produced by many applications
tends to be huge and is recorded in different forms. Relevant
information has to be extracted and stored with the correspond-
ing artifacts produced at design-time to reveal the causes of
unexpected software behavior [6]. The purpose of the analysis
is to find the effects within a chain of effects occurred during
software execution [7]. Therefore, some techniques are needed
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to extract and understand the run-time information. Then, run-
time information is necessary at design-time to make decision
regarding the system maintenance.

The goal of our work is to extend the use of models at
run-time to perform maintenance task. This work presents
our generic infrastructure to generate run-time model traces
through the use of connection rules specified at design-time
called Code-Model Connection Rules.

The Code-Model Connection Rules maps model elements to
different point in the source code such as methods or values
of variables. Our generic infrastructure is divided in two parts:
Controller and Translator. It controls the implementation code,
check it through the Code-Model Connection Rules, and, if
changes in the run-time model are necessary, our generator
translates the changes in the model at run-time.

We validate our infrastructure in our Smart Hotel. The
infrastructure creates model traces from source-code to mod-
els. The results of the validation of our infrastructure show
promising results towards the generation of model traces from
source code at run-time. However, further work is required to
a better specification of the Code-Model Connection Rules, to
solve some issues with the model dependencies and to allow
the performance of maintenance tasks at model level, that is,
the propagation of changes in the models to the source code.

The remainder of the paper is structured as follows. In
Section II, we introduce the Smart Hotel. In Section III, we
describe the steps of our approach. In Section IV, we validate
our approach with the Smart Hotel case study and then discuss
the results. In Section VI, we examine the works related with
this one. Finally, in Section VII, the conclusions of our work
are presented.

II. BACKGROUND

The running example and the evaluation of this paper are
performed through a Smart Hotel [8]. In this section, we
present the models that are used by the Smart Hotel.

We use Pervasive Modeling Language (PervML) [9] to
describe the Smart Hotel. PervML!' is a Domain Specific
Language (DSL) that describes pervasive systems using high-
level abstraction concepts such as services. This language

!https://tatami.dsic.upv.es/pervml/index.php
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Fig. 1. Smart Hotel PervML Models

is focused on specifying heterogeneous services in distinct
physical environments. This DSL has been applied to develop
solutions in the Smart Hotel domain.

PervML uses six different models which globally provide
the information that is required to describe a pervasive system.
These models are:

o The Services Model describes the kinds of services that
are provided in the pervasive system. It is used for
specifying the common characteristics of these similar
services.

o The Structural Model indicates the number and kind
of services that are provided by the pervasive system in
every system location.

o The Interaction Model is used for describing the com-
munication that is produced between the different com-
ponents of the services.

o The Binding Providers Model is used to describe the

different kinds of devices or software systems that are in
charge of providing the basic pervasive system function-
ality.

The Components Structural Specification is used to
assign devices and software systems to each one of the
service components.

The Components Functional Specification is used to
specify the actions that are executed when an operation
of a service is invoked.

Because of space constraints, Fig. 1 shows only a small part
of the PervML models related to the functioning of the lights
in the Smart Hotel. The concrete syntax of PervML is similar
to the one used by UML. The Smart Hotel provides services
which offer operations for switching on and switching oft the
lights or setting the light intensity. The Gradual Lighting State
Machine shows the state machine related to the gradual lights.
This kind of service supports setting the light intensity from
0% to 100% by means of a set of operations.

The output system is obtained through a model to text
transformation. That is, each element of the model is translated
to one or more Java bundles. In addition, we use an implemen-
tation framework of PervML and the OSGI framework [10].
See [9] for more implementation details.

III. FROM SOURCE-CODE TO MODELS

This work presents our generic infrastructure to generate
run-time model traces through the use of connection rules
specified at design-time called Code-Model Connection Rules.
The infrastructure monitors the software changes in the run-
ning system and put the running information into a descriptive
model at run-time.

Fig. 2 shows an overview of our Run-time Model Trace
Generator. At design-time, the software engineer creates the
models that specify the system and are used to generate the
run-time model. From the models, the code is implemented,
usually manually by using the models as a reference and in
some cases it is doing automatically or semi-automatically.
The software engineer also species the rules, Code-Model
Connection Rules, which will generate the descriptive model
at run-time.

In a regular use, the deployment of the system is performed
running the source code. When the software engineer wants to
obtain the run-time model trace, he can activate the Run-time
Model Trace Generator.

In the Run-time Model Trace Generator, our infrastructure
controls the implementation code, checks it through the Code-
Model Connection Rules, and, if changes in the run-time model
are necessary, our generator translates the changes in the model
trace at run-time.

As a summary, the key idea of our infrastructure is a
loop which is responsible for translating the information of
the run-time knowledge from source code to models. Next
subsections present the Code-Model Connection Rules used in
our infrastructure and the steps of our Run-time Model Trace
Generator.
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A. The Code-Model Connection Rules

To generate a model from the executed source code, we
developed a Code-Model Connection Rules, which are ex-
pressed using Event-Condition-Action (ECA) rules [11]. We
are not reinventing the ECA rules. The ECA rules have been
intensely studied and used for the management of self-adaptive
systems [8]. However, we use these ECA rules in a novel way
to perform changes in a run-time model when the code is
executed.

The definition of our rules is based on the ERA language
[12] to provide mechanism for specifying the execution of
external actions (actions in the run-time model) instead of
internal actions (actions in the running code of the system).

The Code-Model Connection Rules take the following
shape: 'when a line of the source code is executed, the state
of variables change, or both take place, then a model element
should be created, modified, or deleted in the run-time model’.

For example, when the line of code that creates the gradual
lighting service (GradualLightService mainGradualLightSer-
vice=new GradualLightService()) is executed, the Gradual-
Lighting model element in the run-time model must appear.
In this particular case, the rule is depicted as follows:

(GradualLightService mainGradualLightService=new
GradualLightService(),
IS_NOT(LightingServices.GradualLighting),
ADD_ELEMENT (LightingServices.GradualLighting));

In this rule, the first parameter (GradualLightService
mainGradualLightService=new GradualLightService()) is the
line of code that triggers the rule. The second parame-
ter (IS_NOT(LightingServices.GradualLighting)) indicates the
condition that must be fulfilled and in which model. The
keyword IS_NOT checks if the model element appears in the
run-time model and return true if it is not in the model. In
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this case it returns true if the model element GradualLighting
is not in the LightingServices model. The third parameter
(ADD_ELEMENT(Lighting- Services.GradualLighting)) is the
kind of modification that must be performed in the run-time
model. In the smart hotel, it is the addition of the model
element GradualLighting in the LightingServices model.

On the other hand, when the code indicates that the
GradualLightingService is not available any longer (re-
move(mainGradualLightService)), the element must be re-
moved from the run-time model. The rule is similar to the
one for adding model elements:

(remove(mainGradualLightService),
IS( LightingServices . GradualLighting) ,
DEL_ELEMENT (LightingServices.GradualLighting));

The first parameter (remove(mainGradualLightService))
is the line of code that must be executed to trig-
ger the Model-Code Connection rule. The second pa-
rameter (IS(LightingServices.GradualLighting)) indicates if
the model element is in the model. The third parameter
(DEL_ELEMENT(LightingServices.Gradual- Lighting)) is the
modification that must be performed in the run-time model. In
this case it is a deletion of the model element GradualLighting
in the LightingServices model.

Although the idea of the Code-Model Connection Rules is
domain independent, our current implementation is tailored
to the Smart Hotel. Even though these rules have helped us
to address the research questions, our future work involves
designing independent domain rules that combine debug ex-
pressiveness to specify the state of the variables and execution
points (triggers) and OCL-like expressions to specify (condi-
tions and actions in the run-time model).

Some model elements may require few rules to be syn-
chronized with the code, but others may require more effort.



These rules are a trade-off, the more specifications the engineer
makes, the richer the run-time model will be, but at the cost
of the increase in the amount of time that must be spent by
the software engineer in order to specify them.

One of the main characteristics of our approach is that,
by means of the Code-Model Connection Rules, the software
engineer can change the set of the models defined at design-
time that will be used at run-time. That is, the software
engineer can decide how many model elements should be
connected with the running code.

B. Run-time Model Trace Generator

Szvetis and Zdum [13] creates a classification of the objec-
tives, techniques, kinds and architectures used with models at
run-time. According to their categories, we can classify our
infrastructure to work with models at run-time as follows:

o Objectives: The main one is monitoring the system by
using models in order to help the understanding of the
system behavior. In addition, we use models to raise the
abstraction level and bring closer the problem to the user.
Finally, the use of models provides platform-independent
views of the system under observation.

o Technique: We use the introspection technique that deals
with extraction of run-time system data in order to
apply model-based techniques on the analyzed behavior.
In addition, they subdivided the introspection in three
main groups: event log checking, instrumentation and
management APIL
Specifically, our infrastructure is similar to the instrumen-
tation group. Even though, we do not insert any extra
source code to the system. We use the rules to translate
the running software of a system into a model.

o Kind: Our infrastructure does not depend on one kind of
model. We use a domain specific language (PervML, see
section II), however, the model generated depends on the
defined rules and the user can choose whoever he wants.
Architecture: We use a model-aware middle-ware archi-
tecture. This architecture allows us to monitor the system
while our solution checks the rules and creates the model
at run-time.

The Code-Model Connection rules previously presented
enables to reflect running-code changes into a descriptive run-
time model. The details of our infrastructure are depicted in
Fig. 3.

o Controller: When the system is running, the running
source code needs to be controlled (see Fig. 3). The
implementation of the controller is developed by means of
the Java Code Language Introspection Capabilities [14].
Our infrastructure uses the run-time state of the code as
input to check conditions from the Code-Model Con-
nection Rules. In the running example, our approach
detects every time that the line 'GradualLightService
mainGradualLightService = new GradualLightService()’
is executed.

Once a relevant change in the state of the code is
detected, our approach checks if the conditions of the
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Details of the Run-time Model Trace Generator

Code-Model Connection Rule is fulfilled. In the running
example, our approach checks if the GradualLighting
model element appears in the LightingServices run-time
model, ('IS_NOT(LightingServices.GradualLighting)’).
Translator: The response of the controller is used to
translate the source code into models (see Fig. 3). The
implementation of the translator is developed by means
of the EMF Introspection Capabilities [15].

Our infrastructure uses the action of the Code-Model
Connection Rule to determine the modifications that must
be performed in the run-time model. In the running
example, the action determines that the GradualLight-
ing model element must be added to the LightingSer-
vices run-time model ('ADD_ELEMENT( LightingSer-
vices.GradualLighting)’). If the model element does not
appear in the run-time model, it checks the design-time
models and takes the information that is needed in order
to add this model element to the run-time model. If
the model element appears in the run-time model, our
approach checks if some modifications are necessary.
The run-time model is modified in order to add, modify
or delete the model elements specified in the Code-
Model Connection Rules. In the running example, the
GradualLighting model element is added to the run-time
model.

The model generated at run-time only includes elements that
have been executed. This run-time model is the main artifact
that the software engineer can use to improve his knowledge
of the system. We extract the run-time representation of the
system as models to enable reasoning on a high level of
abstraction.

IV. VALIDATION

We validate whether our infrastructure creates the correct
models at run-time. To do that, we compare our model traces
generated at run-time with an oracle that is composed by the
models of the defined scenarios in [8]. We generate a run-time
model trace while the other model trace is extracted from a
previous work [8], we compare both traces in order to detect
differences.

We defined the experimental design of our study using
the Goal-Question-Metric method (GQM) [16]. We used the
template presented in [17]. The GQM method was defined as
a mechanism for defining and interpreting a set of operation
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Fig. 4. The validation process followed in the Smart Hotel

goals using measurements. In this evaluation, our goal was the
following:

Object: Our Smart Hotel

Purpose: Validation

Issue: The correctness of the models generated at run-
time

Context: The infrastructure for of our Run-time Model
Trace Generator

To fulfill this goal, we focused on answering the following
research question:

1) Does our infrastructure generate the same model traces

as the oracle?

Basili in [16] and Travassos in [18] describe four kinds
of studies: in-vivo, in-vitro, in-virtuo, and in-silico. In our
case, we chose to carry out in-virtuo experiments, where the
real world is described as computer models. This experiment
involves the interaction among participants and a computerized
model of reality. The simulated environment offers major
advantages regarding the cost and the feasibility of replicating
a real-world configuration. In addition, some scenarios such
as res or floods cannot be replicated in the real world.

The Smart Hotel is developed by means of a software
product line, the PervML model and the source code of the
Smart Hotel are configured with a feature model. The feature
model specifies the 39 different features that the Smart Hotel
has implemented. We use the PervML model traces of the [8]
approach as an oracle to evaluate the presented approach. That
is, we make use of a set of implementation codes whose model
realizations are known beforehand and will be considered as
the ground truth, enabling us to compare the run-time traces
extracted from the [8] approach with the results of the models
generated by our infrastructure.

Figure 4 shows the entire process that we have followed
in this validation. For the validation, we used the Smart
Hotel defined in [8]. The Smart Hotel presents 476 model
elements in the design-time models. It consists of 268 classes
implemented in about 67,207 methods of Java source code.
In the evaluation set-up, a simulated environment was used
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to represent the Smart Hotel. In addition, at design-time, the
Code-Model Connection Rules and the scenario are defined
to allow the generation of the trace model from the code at
run-time, as shown in Fig. 4 (A).

After running the scenario, see Fig. 4 (B), our Run-time
Model Trace Generator (see Fig. 4 left) generates the run-
time model. The infrastructure monitors the running code
and applies the corresponding Code-Model Connection Rules
to translate source code behavior into a descriptive run-time
model trace.

For the comparison, see Fig. 4 (C), we collect the traces by
means of the Reconfiguration Tracker that is provided by the
implementation of the Smart Hotel that we used [8].

At the end, we have two set of models that represents the
behavior of the system. One of the set is generated by our
Run-time Model Generation and the second set is the oracle.
Then, we can compare the results of the two approaches.

The number of model elements in the run-time model
depends on the Code-Model Connection Rules defined. As we
wanted to determine if the models generated was equivalent,
we performed the validation with a set of rules that connected
all the possible elements with the source code. By this way,
we could compare both models traces easily.

Therefore, the number of rules that the software engineer
must use is an open topic that will be addressed in the future.
The specification of the rules takes times and it is not always
necessary to specify all of them. Thus, I hope I can guide the
software engineer about what are the rules he need to specify.

A concrete example of our validation is shown in Fig. 5.
The Smart Hotel is defined with a large number of models
(see section II), however in this section we only show one of
these models. As the examples show, all the models obtained
are a subset of the entire definition of the Smart Hotel.

The fist one of the models of Fig. 5, Smart Hotel PervML
Structural Model, corresponds to the one that defines the
entire system of the Smart Hotel. The second one, Smart
Hotel PervML Structural Model in Watching a Movie Scenario
represents the model generated in the Watching a Movie
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Scenario.

The definition of the Watching a Movie scenario is as
follows:

"The user of the hotel decides to watch a movie from the
of which the hotel offers. The user can select the movie in the
screen of the control panel. In addition, the user will be able
to choose the room preferences (illumination and temperature)
for a better experience. The system will give him many options
so he can choose the one that suits him more. The user is
enjoying the movie but, someone is calling to his cell phone
with Bluetooth technology synchronized with the rooms main
system. This call will be notified through the main screen. He
is forced to stop watching the movie but he will have the option
to continue where he left at any other time during his stay.”

Then, the main devices that are involved in this scenario
are the cell phone, the control panel, the central dock. Some
other devices related to this scenario are ones related to the
illumination and temperature services. In the same way, the
main service in this scenario is the multimedia service, and
also the ones related to illumination and temperature.

This trace generated from this scenario is formed by 23
channels, 13 devices and 9 services in the Smart Hotel PervML

Structural model (see bottom part of Fig. 5).

A. Does our infrastructure generate the same model traces as
the oracle?

The results of our infrastructure show promising results
towards the generation of model traces from source code at
run-time.

The results obtained in this validation suggest that our
infrastructure generates a valid model trace from the running
scenarios. All the generated traces contain the main devices
and services necessary for execute the defined scenario.

However, the trace generated with our infrastructure con-
tained more information than the trace from the oracle. But, the
trace from the oracle was contained in the trace generated with
our infrastructure. The major difference between our generated
model traces at run-time and the traces from the oracle lies in
the number of attributes of the model element.

In addition, it is necessary further specific experiments in
order to identify more relevant correlations between the source
code and the run-time models. However, the Code-Model
Connection Rules have flexibility to enable and disable the
model elements that must appear in the run-time model trace.

Another issue detected is related to the dependencies be-
tween model elements. The management of the dependencies
through the use of the Code-Model Connection Rules is
cumbersome and error prone. We detect that a dependency
tree could be very useful to check the consistency of the model
trace while it is being generated.

Moreover, our infrastructure generates the model trace to
increase the level of abstraction and to ease the maintenance
task. But nevertheless, the maintenance task must be per-
formed at source code level because the infrastructure does
not allow propagate changes in the models to the source code
of the system.

In spite of the results, this initial effort must not be underes-
timated since the Run-time Model Trace Generator produced
proper output to see the first results. The overall performance
of the infrastructure needs more tests. Further work is required
to see if these concerns are reasonable and if so, find out how
to these previous problems can be solved.

V. THREATS TO VALIDITY

We use the classification of threats to validity in [19]. This
classification distinguishes four aspects of validity:

1) Construct validity: This aspect of validity reflects the

extent to which the operational measures that are studied
represent what the researchers have in mind and what is
investigated based on the research questions.
The purpose validation does not have a true/false answer.
To minimize this threat the scenarios were designed
by two experts in the Smart Hotel. These experts have
developed the Smart Hotel and in other model-based
tools (in the induction hob domain and train control
software domain). Their participation was limited to the
design of the scenarios.
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The measure used in our research is the similarity of our
model traces extracted and the oracle. These similarity
measures have been proved in other kind of models with
fair results [20].

Internal validity: This aspect of validity is of concern
when causal relations are examined. There is a risk that
the factor being investigated may be affected by other
neglected factors.

In our work, this is a very low risk due to the human task
are reduced to the minimum. The comparison between
the traces were performed automatically by a computer,
therefore the humans did not affect the final result.
External validity:This aspect of validity is concerned
with to what extent it is possible to generalize the
finding, and to what extent the findings are of relevance
for other cases.

The software system used in the validation is repre-
sentative of those used in practice. Given the scale
and complexity of our Smart Hotel, we consider our
evaluation a good starting point representing a realistic
case. However, this threat can be reduced if we experi-
ment with other software systems of different sizes and
domains.

Reliability: This aspect is concerned with to what extent
the data and the analysis are dependent on the specific
researchers.

The main risk relies on the selection of the running
scenarios to obtain the execution trace of the models.
Since we are experts in the Smart Hotel system, we
can claim that our scenarios are good representatives
of the entire system, and, therefore, our infrastructure
generates the correct models for all the system. However,
depending on the chosen scenarios, the result may differ.
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VI. RELATED WORK

Some approaches use the run-time models to visualize and
analyze data from model-based systems. Although they do
not generate the run-time models, their works are based on
extracting information from run-time models.

Graf and Mller-Glaser [21] define various debugging-
perspectives independent of the actual execution platform for
identifying error occurrences. They extract run-time informa-
tion out of the executed binary from the target platform and
transport this information back to the model level. Obtained
run-time information can then be used to visualize the internal
state of the executable. In contrast to our approach, they extend
the UML meta-model with meta-classes that allow storage of
data acquired by the model mapping.

Maoz [22] introduces an approach which uses model-based
traces to record the run-time of a system through abstractions
provided by models used in its design. The traces include
information about the systems from which they were gen-
erated, the models that induced them and the relationships
between them at run-time. The approach is focused on metrics
and operators for such traces to understand the structure and
behavior of a running system while we are focused on the
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infrastructure to generate the run-time model from source
code.

Bodenstaff et al [23] uses event log checking to check a
model against the running system. They assume that the event
log is consistent with the running system and also with a model
if essential parts of the model do not contradict. In contrast to
our approach, they are focus on identifying relevant parts of
the log event and extract them as models while our approach
generates the models directly from the running system.

Szvetits et al. [6] propose the usage of run-time models
in combination with model-driven techniques and interactive
visualizations to ease tracing between log file entries and
corresponding software artifacts. They creates a repository-
based approach to augment root cause analysis with interactive
tracing views to maximize the re-usability of models created
during the software development process. In contrast to our
approach, they focus their work on the interactive visualiza-
tions while our work is focused on the generation of run-time
models from non-model-based system. However, we can apply
their techniques to analyze the model traces that we extract
from the running system.

Some other approaches insert monitoring functionality into
the system in order to observe the system behavior.

Nierstrasz et al. [24] use instrumentation at run-time in
combination with and Abstract Syntax Tree (AST) model as
abstraction above the byte-code level. They use the concept
of links to be set as annotations to AST nodes which are
transferred by a compiler plugin before execution. This results
in code to be inserted in the program at nodes where links are
installed. Such links can also be installed by other links or
manipulated by themselves.

Hamann et al. [25] propose monitoring of JVM hosted
applications by using platform-aligned model (PAM) as link
between the platform-specific model (PSM) and the platform-
independent model (PIM). A PAM is iteratively designed
through assumptions which are stated, checked, and refined.

This kind of approaches requires the source code of the
system to be available. In contrast to us, this approaches extract
the run-time data and then they translate the extracted data as
models to enable reasoning on a high level of abstraction while
we extract the data as models at run-time and do not introduce
anything new in the source code.

VII. CONCLUSION

This work proposes a generic infrastructure to generate
run-time models through the use of connection rules called
Code-Model Connection Rules. Specifically, our infrastructure
allows change from source-code to descriptive models increas-
ing the abstraction level.

Our validation in our Smart Hotel compares the result
obtained from our infrastructure and from a oracle. We use the
model traces generated to determine if the results obtained are
correct. The results of the validation of our infrastructure show
promising results towards the generation of model traces from
source code at run-time. However, further work is required to
a better specification of the Code-Model Connection Rules, to



solve some issues with the model dependencies and to allow
the performance of maintenance tasks at model level, that is,
the propagation of changes in the models to the source code.

In addition to the previous one, our future work involves
designing independent domain rules that combine debug ex-
pressiveness to specify the state of the variables and execution
points (triggers) and OCLIlike expressions to specify (condi-
tions and actions in the run-time model).
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Abstract. Eighty percent of the lifetime of a system is spent on main-
tenance activities. Feature location is one of the most important and
common activities performed by developers during software maintenance.
This work presents our approach for performing feature location by lever-
aging the use of architecture models at run-time. Specifically, the execu-
tion information is collected in the architecture model at run-time. Then,
our approach performs an Information Retrieval technique at the model
level. We have evaluated our approach in a Smart Hotel with its archi-
tecture model at run-time. We compared our architecture-model-based
approach with a source-code-based approach. The rankings produced
by the approaches indicate that since models are on a higher abstrac-
tion level than source code, they provide more accurate results. Our
architecture-model-based approach ranks the relevant elements in the
top ten positions of the ranking in 84 % of the cases; in the top positions
in the ranking of the source-code-based approach, there are false posi-
tives associated with some programming patterns and true positives are
spread between positions 12 and 100.

Keywords: Arquitecture model - Models@Run-time - Feature
location - Information retrieval - Reverse engineering

1 Introduction

In software development, all systems evolve over time as new requirements
emerge or when bug-fixing becomes necessary. Lehman et al. [13] pointed out
that up to 80 % of the lifetime of a system is spent on maintenance and evo-
lution activities. Feature location is one of the most important and common
activities performed by developers during software maintenance and evolution
[8]. Currently, research efforts in feature location are concerned with identifying
software artifacts that are associated with a program functionality (a feature).
(© Springer International Publishing AG 2016
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Models at run-time provide a kind of formal basis for reasoning about the
current system state, for reasoning about necessary adaptations, and for analyz-
ing the consequences of possible system adaptations. Models at run-time devel-
opment approaches have the proven capability to deliver complex, dependable
software effectively and efficiently. In this paper, we show that the information
extracted from architecture models at run-time can be useful in the field of fea-
ture location. In models at run-time [5], there is a causal connection between
the system and the run-time model (i.e., there is a bidirectional relation between
the source code and the run-time model).

This work proposes an approach that combines architecture models at run-
time and Information Retrieval (IR) for feature location. In the first step of
our approach, the software engineer executes a scenario, which uses the desired
feature to be located. The execution information is collected in the architecture
model at run-time. Then, our approach filters the trace in order to extract the
relevant elements of the models. We adapt an information retrieval technique,
Latent Semantic Indexing (LSI). This technique allows the software engineers to
write queries that are relevant to the feature to be located. Finally, the software
engineers obtain a ranked list of model elements that are related to the feature
based on the similarity to the query.

We have evaluated our approach in a Smart Hotel that is defined with an
architecture model at run-time. The Smart Hotel presents sixty-eight model
elements in the architecture model that are implemented in 268 Java classes
(about 67,207 methods of source code). We have compared our approach based
on models with a feature location approach that is based on source code, which is
presented in [14]. We chose this approach because it outperforms all other source-
code-based approaches that use a single scenario and information retrieval [8].

The results indicate that the information gathered at a high level of abstrac-
tion of architecture models is closer to natural language queries of software engi-
neers; hence, the rankings are more accurate. Our architecture-model-based app-
roach ranks the relevant elements in the top ten positions of the ranking in 84 %
of the cases; in the top positions in the ranking of the source-code-based app-
roach, there are false positives associated with some programming patterns and
true positives are spread between positions 12 and 100.

The remainder of the paper is structured as follows. In Sect. 2, we present
the Smart Hotel. In Sect. 3, we introduce our approach for feature location with
architecture models at run-time. In Sect. 4, we evaluate our approach with the
Smart Hotel and we discuss the results. In Sect. 5, we examine the related work
of the area, and we present our conclusions in Sect. 6.

2 The Smart Hotel

The running example and the evaluation of this paper are performed through a
Smart Hotel [6]. The Smart Hotel is reconfigured in response to changes in the
context, for example if there is a client in the room or not, and what activities
they may be performing (sleeping, watching TV, ...). This section shows the
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language used for specifying the architecture model of the Smart Hotel. This
section also shows how the architecture model is reconfigured at run-time in
response to context changes.

2.1 The Architecture Model

We use Pervasive Modeling Language (PervML) [16] to describe the Smart Hotel
architecture. PervML! is a DSL that describes pervasive systems using high-level
abstraction concepts based on Meta-Object Facility (MOF)2. This language is
focused on specifying heterogeneous services in specific physical environments
such as the services of a Smart Hotel. This DSL has been applied to develop
solutions in the Smart Hotel domain. The PervML language provides different
models to specify the services and devices of a pervasive system.

Due to space constraints, in this paper, we only focus on the subset of Per-
vML that specifies the relationships among devices and services. This subset
specifies the components that define a particular configuration system (services
and devices) and how these components are connected with each other (chan-
nels). Services are depicted by circles, devices are depicted by squares, and the
channels connecting services and devices are depicted by lines (see Fig. 1).
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Fig. 1. Smart hotel architecture model

! https:/ /tatami.dsic.upv.es/pervml /index.php.
2 Meta object facility (MOF) 2.0 core specification, 2003.



Run-Time Architecture Models and Information Retrieval 183

2.2 The Architecture Model Reconfiguration

The Smart Hotel reconfiguration engine determines how the system should be
reconfigured in response to a context change, and then it modifies the PervML
architecture model accordingly. The Monitor uses the run-time state as input
to check context conditions. If any of these conditions are fulfilled, the Analyzer
queries the run-time models about the necessary modifications. The response
of the models is used by the Planner to elaborate a reconfiguration plan. This
plan also contains reconfiguration actions, which modify the architecture model
and maintain the consistency between the PervML architecture model and the
system. The Execution of this plan modifies the system by executing recon-
figuration actions that deal with the activation and deactivation of software
components and the creation and destruction of channels among components.
For more details about the reconfiguration engine see [6].

Lighting By Presence Presence Simulation
(The user is in the room) (Nobody is in the room)

TV Lights
Presence
Simulator

v Lights

Multimedia Lighting
Service Service

Alarm|:|_O

Security Presence Sensors

confext
chag

3

Alarm D
Security sence Sensors

r Service

Service f

Fig. 2. Smart hotel architecture model reconfigurations

Figure2 shows two Smart Home configurations according to the concrete
syntax of the PervML. Figure?2 (left) shows a User in the room configuration,
while Fig.2 (right) shows a Nobody in the room configuration. As it can be
observed, movement sensors are not used for lighting (left); instead, they are used
to provide information to the security service (right). In addition, the Occupancy
simulation service is activated in the Nobody in the room configuration, and the
connections that are required for this service to communicate with multimedia,
lighting, and security services are established.

3 Feature Location with Architecture Models at
Run-Time

Figure3 shows an overview of our feature location approach. In the Dynamic
Analysis phase, the software engineer executes a scenario, which uses the target
feature to be located. The run-time architecture model obtained from the run-
ning scenario contains the elements of the model that are related to the target
feature.
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Fig. 3. Feature location approach based on architecture models at Run-Time

In the Information Retrieval phase, the approach filters the run-time archi-
tecture model to extract the relevant elements of the target feature to be located.
To achieve the filtering, we adapt an Information retrieval (IR) technique named
Latent Semantic Indexing (LSI) [12], which allows the software engineers to write
queries that describe the feature to be located. The result is a ranked list of model
elements that are related to the feature based on the similarity to the provided
query.

The following subsections present the details of each one of the steps of our
approach that must be carried out in order to perform the feature location at
the model level. We use the Smart Hotel presented in Sect.2 throughout the
different subsections to illustrate the details with a running example.

3.1 The Dynamic Analysis Phase

Execution information is gathered via dynamic analysis (see Fig.3), which is
commonly used in program comprehension and involves executing a software
system under specific conditions. Invoking the desired feature during run-time
generates a feature-specific execution trace. In other words, the input for the
execution is a scenario that runs the specific feature.

For example, we depict a scenario where we want to fix a bug in the gradual
lights in the Smart Hotel. Therefore, the feature that we must locate is the
Gradual Lighting service. We follow the information from the bug report to
define the scenario that executes the targeted feature. In this case, the scenario
is as follows:

‘The software engineer simulates an empty Smart Hotel room. The lights are
off. The software engineer simulates that a client enters the room. The lights
gradually turn on. The software engineer simulates that the client leaves the
room, and then the lights gradually turn off.’
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3.2 The Information Retrieval Phase

Textual information in source code (represented by identifier names and internal
comments) embeds domain knowledge about a software system. In our case,
textual information corresponds to the names, attributes and methods of the
model elements. This information can be leveraged to locate the implementation
of a feature through the use of IR. IR works by comparing a set of artifacts to
a query and ranking these artifacts by their relevance to the query.

There are many IR techniques that have been applied for feature loca-
tion tasks. However most feature location research efforts have shown better
results when LSI is applied [14,17,18]. To perform LSI, our approach follows five
main steps: creating a corpus, preprocessing, indexing, querying, and generating
results (see Fig. 3 Information Retrieval phase).

We adapted each step of the LSI technique to work with architecture models.
Instead of using the source code files, we used the architecture model that con-
tains the executed model elements from the dynamic analysis. The adaptation
is performed as follows:

Creating a corpus. In the first step of LSI, a document granularity needs to
be chosen to form a corpus. A document lists all the text found in a contiguous
section of source code (methods, classes, or packages). A corpus consists of a set
of documents. In this work, each document corresponds to a model element of
the architecture model. Each document (model element) includes text from the
names of the attributes and methods.

Preprocessing. Once the corpus is created, it is preprocessed. Preprocessing
involves normalizing the text of the documents. For source code, operators and
programming language keywords are removed. In addition, identifiers and com-
pound words are split. In this work, the type of the attributes and the type of
the parameters in the methods are removed. Then, all the identifiers are split;
for example “IlluminationService” becomes “illumination” and “service”.

Indexing. The corpus is used to create a term-by-document matriz. Each row of
the matrix corresponds to each term in the corpus, and each column represents
each document. Each cell of the matrix holds a measure of the weight or relevance
of the term in the document. The weight is expressed as a simple count of the
number of times that the term appears in the document. In other words, each
term-document pair has a number that indicates the number of times this term
appears as part of the names of attributes or methods of this model element.
In this work, in the term-by-document co-occurrence matrix, the terms (rows)
correspond to the names of the attributes or methods (i.e., intensity) of the
run-time architecture model and the documents (columns) correspond to the
model elements (i.e., IluminationService) that have appeared in the run-time
architecture model.

Figure 4 shows this term-by-document co-occurrence matrix with the values
associated to our running example. Each row in the matrix stands for each one
of the unique words (terms) extracted from our run-time architecture model.
Figure4 shows a set of representative keywords in the domain such as ‘room’,
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Fig. 4. Information retrieval via Latent Semantic Indexing (LSI)

‘light’, or ‘presence’ as the terms of each row. Each column in the matrix stands
for the model elements of the run-time architecture model. Figure 4 also shows
the names of the model elements in the columns such as ‘PresenceService’ or
‘HluminationService’, which represent the model elements of the run-time archi-
tecture model. Each cell in the matrix contains the frequency with which the
keyword of its row appears in the document denoted by its column. For instance,
in Fig. 4, the term ‘light’” appears 6 times in the ‘PresenceService’ model element.

Querying. A user formulates a query in natural language consisting of words
or phrases that describe the feature to be located. Since LSI does not use a pre-
defined grammar or vocabulary, users can originate queries in natural language.
In this work, we use the bug reports to formulate the queries. Only the relevant
terms are taken into account, and words such as determinants and connectors
from the language are avoided.

In Fig. 4, the query column represents the words that appear in the bug
report. Each cell contains the frequency with which the keyword of its row
appears in the query. For instance, the term ‘light’ appears 2 times in the query.

Generating results. In LSI, the query and each document correspond to a
vector. The cosine of the angle between the query vector and a document vector
is used as the measure of the similarity of the document to the query. The closer
the cosine is to 1, the more similar the document is to the query. A cosine
similarity value is calculated between the query and each document, and then
the documents are sorted by their similarity values. The user inspects the ranked
list to determine which of the documents are relevant to the feature.
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We obtain vector representations of the documents and the query by nor-
malizing and decomposing the term-by-document co-occurrence matrix using a
matrix factorization technique called singular value decomposition (SVD) [14].
SVD is a form of factor analysis, or more precisely, the mathematical general-
ization of which factor analysis is a special case. In SVD, a rectangular matrix
is decomposed into the product of three other matrices. One component matrix
describes the original row entities as vectors of derived orthogonal factor val-
ues, another describes the original column entities in the same way, and the
third is a diagonal matrix that contains scaling values such that when the three
components are matrix-multiplied, the original matrix is reconstructed.

A three-dimensional graph of the LSI results is provided in Fig. 4. The graph
shows the representation of each one of the vectors, labeled with letters that
represent the names of the model elements, which are referenced in the box
below the graph. The graph reflects the ‘PresenceService’ model element vector
as being the closest to the query vector, followed by the ‘IlluminationService’
model element vector.

The goal of our approach is to rank model elements relevant to the feature
to locate within the top positions. The ranking of model elements is ordered
by the values of the cosines. In the running example (see Fig. 4, Ranking), the
‘PresenceService’ element is in the first position and therefore is the most rele-
vant, while the ‘OutsideDetector’ element is in the last position and is the less
relevant.

4 Evaluation: Feature Location in the Smart Hotel

We evaluated whether our feature location approach with architecture models at
run-time achieves better results than current approaches [14] that use source code
to perform feature location. We choose the approach presented in [14] because
is the one that shows the best results for feature location in source code [8,20].

We defined the experimental design of our study using the Goal-Question-
Metric method (GQM) [2]. We used the template presented in [3]. The GQM
method was defined as a mechanism for defining and interpreting a set of opera-
tion goals using measurements. In this evaluation, according to GQM template
our goal was the following:

— Object: Our Smart Hotel
Purpose: Evaluation

— Issue: The accuracy of the results in our architecture-model-based feature
location approach
Context: Feature location in the run-time architecture model

To fulfill this goal, we focused on answering the following research question:
Does our architecture-model-based approach for feature location provide better
results than a source-code-based approach?
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Fig. 5. The evaluation process followed in the Smart Hotel

Figure 5 shows the entire process that we followed for this evaluation.

(A) Smart Hotel Design-time. The Smart Hotel was developed using a
Dynamic Software Product Line (DSPL) [4]. The architecture model and the
source code of the Smart Hotel were configured with a feature model [7]. The
feature model specifies the 39 different features that the Smart Hotel has imple-
mented. We used the feature model of the software product line as an oracle to
evaluate our approach. In other words, we made use of a set of PervML models
and implementation codes whose feature realizations are known beforehand and
will be considered as the ground truth. This enables us to compare the oracle
with the results provided by our approach and the source-code approach.

The Smart Hotel presents sixty-eight model elements (thirteen services,
twenty devices, and thirty-five channels) in the architecture model. The soft-
ware components of the Smart Hotel consist of 268 classes that are implemented
in about 67,207 methods of Java source code.

(B) Smart Hotel Run-time. In the evaluation set-up, a scale environ-
ment with real KNX? devices was used to represent the Smart Hotel. In our
case, we chose to carry out in-virtuo experiments [2,21], where the real world is
described as computer models. This experiment involves the interaction among
participants and a computerized model of reality. The simulated environment
offers major advantages regarding the cost and the feasibility of replicating a
real-world configuration. In addition, some scenarios, such as fires or floods,
cannot be replicated in the real world.

(C) Dynamic Analysis. We then ran the scenario that executes the feature
to be located. For this case study, we executed 30 independent runs (as suggested
by [1]) for each of the 39 features. The execution of the scenario generated the
Smart Hotel run-time architecture model and source code traces.

(D) Information Retrieval. Our architecture-model-based feature loca-
tion approach and the source-code-based feature location approach used the
Smart Hotel run-time architecture model and source code traces, respectively.
Our architecture-model-based feature location approach produced a ranking of

3 KNX technology is a standard for applications in home and building control (http://
www.knx.org/).
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model elements (see Fig.5, M-b Ranking) and the source-code-based feature
location approach produced a ranking of methods (see Fig.5, S-C-b Ranking)
for the targeted feature.

(E) Checking Results. The feature model oracle enabled us to know how
many of the model elements or methods in the rankings were the ones that
realized the target feature. We tagged the model elements (see Fig. 5, Tagged
M-b Ranking) and methods (see Fig.5, Tagged S-C-b Ranking) that belonged
to the targeted feature. This allowed us to know their positions in the rankings.

4.1 Results

We performed this evaluation with the thirty-nine features that compose the
Smart Hotel. We defined the scenarios based on bug reports of each one of the
features. On average, the traces generated were the following: 46 model elements
in the architecture-model-based feature location approach and 3,817 methods in
the source-code-based feature location approach.

Figure 6 shows the position of the first model element and the first method
that belong to the target feature in the ranking for each one of the thirty-
nine features. The x-axis represents the features, and the y-axis represents the
position in the ranking. The blue dots represent the first model element for each
feature and the red Xs represent the first source code method for each feature.
The position of the first model element that belongs to each one of the features
has values between 1 and 28, where the 84 % of the results are in the top ten
positions. However, the position of the first source code method that belongs to
each one of the features has values between 12 and 100.

Features
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Fig. 6. Position of the first model element and the first method that belong to the
target feature in the ranking for each one of the features
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Does Our Architecture-model-based Approach for Feature Location
Provide Better Results Than the Source-code-based Approach? Our
architecture-model-based approach ranks the relevant elements in the top ten
positions of the ranking in 84 % of the cases; in the top positions in the ranking
of the source-code-based approach, there are false positives associated with some
programming patterns and true positives are spread between positions 15 and
100 (see Fig.6).

It is accepted by the feature location community [14,18] that, a feature loca-
tion approach is considered better than another feature location when it produces
a ranking where the elements that belong to the feature are in higher positions
than in the ranking of the other approach. In our evaluation with the Smart
Hotel, our architecture-model-based feature location approach obtained better
positions in the rankings than the source-code-based approach.

4.2 Analysis of the Results

The results of our evaluation confirms that introducing architecture models at
run-time outperforms the equivalent technique at source code level.

Figure 7 shows the graphical representation of the ranking for the ‘Gradual
Lighting’ feature (feature number five in Fig.6). Due to space constraints, we
only show the graphical representation for one feature, however, all the rankings
follow a similar distribution in the results.

The query is the vector that is on the z-axis. The remainder of the vectors
are model elements in the architecture-model-based feature location approach
or methods in the source-code-based feature location approach. Those that have
been tagged by the oracle have a r; label at the end of the arrow, while those

s s
7 7
r,ME
A 5
_sME
~1ME
o 1 3 a s o 7 s ‘ s o ¥ B 9
(a) Model elements (b) Source code methods
—> 4 Query 'mME  Relevant Model Elements
—_— Non-relevant Model Elements or Methods 'nM Relevant Source Code Methods

Fig. 7. Vectorial representation of the model elements and source code methods in the
Ranking of the ‘Gradual Lighting’ feature
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that have not been tagged have nothing at the end of the arrow. The angle
corresponds to the cosine with which we calculated the position in the ranking
(see Sect. 3.2); the closer the model element or method is to the query, the higher
the position in the ranking. The length of each vector indicates the number of
times that the terms appear in each model element or method. The longer the
vector is, the more terms appear in the model element or method.

The graph of the left corresponds to the architecture-model-based feature
location approach, of the total of vectors (model elements), forty-six, the graph
only shows the thirty-three which have positive cosines, the rest, thirteen, are in
the left of the y-axis and have few relevance for the query. The graph on the right
corresponds to the source-code-based feature location approach, of the total of
vectors (methods), 3,817, the graph only shows the 1,302, which have positive
cosines, the rest, 2,515, are in the left of the y-axis.

The first difference between the architecture-model-based approach and the
source-code-based approach lies in the size of the search space in which the
feature must be located. The goal of a feature location technique is to reduce the
effort required by software engineers to find the desired feature. Our architecture-
model-based approach on average requires searching in less than fifty model
elements while a source-code-based approach on average requires searching in
more than three thousand eight hundred methods.

The graphical representation of Fig. 7 allows us to see that the architecture-
model-based approach discriminates better than the source-code-based app-
roach. The majority of the model elements that belong to the feature achieve
better results than the ones that do not belong. However, in the source-code-
based approach, the source code methods that belong to the feature and the
source code methods that do not belong to the feature are not differentiated.

In addition, the vectors of the model elements that belong to the feature
are closer to the query vector than the vectors of the source code methods that
belong to the feature (see Fig. 7). Therefore, the model-based approach provides
searches that are more accurate.

Since architecture models at run-time allow working on a high level of
abstraction, the words used at the model level (i.e., room, presence) are closer to
the query than the ones used at source code level (i.e., save or run). The result is
that queries using a natural language show better results with the architecture-
model-based approach. In the source-code-based approach some auxiliary terms
are taken into account. Some terms, like controller or run, can proceed from
some programming patterns. By raising the level of abstraction with the archi-
tecture model, we can prevent auxiliary methods and variables from interfering
with the feature location.

Finally, in our Smart Hotel, we realized that the model elements that con-
tained few attributes and methods got worse positions in the ranking than the
ones that contained more attributes and methods. For example, one of the ele-
ments related to the feature ‘Gradual Lighting’ in Fig. 7 obtained position 27in
the ranking. This is because this element corresponds to a channel element
that connects two services. This particular channel only has three attributes
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that describe the information that goes through the channel. The information
required by this element was not as detailed as the other model elements when
specifying the model. For this reason, the model element corresponding to this
channel got a lower position in the ranking. In contrast, other kinds of channels
got better positions since, on average, they have about twenty attributes and
methods.

4.3 Threats to Validity

In this section, we discuss some of the issues that might have affected the results
of the evaluation and may limit the generalizations of the results.

One issue is whether or not the software system used in the evaluation is
representative of those used in practice. Given the scale and complexity of our
Smart Hotel (sixty-eight model elements and 67.207 methods), we consider our
evaluation to be a good starting point for representing a realistic case. However,
this threat can be reduced if we experiment with other software systems of
different sizes and domains.

Furthermore, the DSL model used in this study is a language in a specific
domain. PervML is a DSL that describes pervasive systems using high-level
abstraction concepts. However, other experiments with other DSLs should be
performed to validate our findings.

Another issue is the selection of the scenarios based on the bug reports to
obtain the execution trace. Since we are experts in the Smart Hotel system,
we can claim that our scenarios are good representatives of features that have
been necessary to locate in order to solve the most common bugs of the Smart
Hotel. Thus, depending on the chosen scenarios, the results may differ. The more
knowledge the software engineer has about the system, the better the scenarios
and the queries will be, leading to better results.

5 Related Work

Some approaches that are related to feature location use design-time models to
extract variability. Although they do not use architecture models at run-time,
their works are based on extracting features using models.

Font et al. [9] suggest that model fragments that are extracted mechanically
may not be recognizable units by the application engineers. They propose identi-
fying model patterns by human-in-the-loop and conceptualizing them as reusable
model fragments. Their approach provides the means to identify and extract
those model patterns and further apply them to existing product models. In
[10], the work from [9] is extended to handle situations where the domain expert
fails to provide accurate information. The authors propose a genetic algorithm
for feature location in model-based software product lines. When this method
was compared with another approach that did not use a genetic algorithm, the
results showed that their approach was able to provide solutions for situations
where the information of the domain expert was inaccurate, while the other
approach failed.
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Martinez et al. [15] propose an extensible framework that allows features to
be identified, located, and extracted from a family of models. They introduce
the principles of this framework and provide insights on how it can be extended
for use it in different scenarios. As a result, the initial investment required by
the task of adopting a software product line from a family of models is reduced.

Xue et al. [22] present an approach to support effective feature location in
products variants. They exploit commonalities and differences of product vari-
ants by software differencing and formal concept analysis (FCA) techniques so
that IR techniques can achieve satisfactory results.

All of these works are based on extracting model fragments from a given set of
models taking into account their commonalities and variabilities. However, these
approaches do not take into account the run-time behaviour of the systems and
are not focused on feature location. Nevertheless, all of them can be used as a
basis for the extraction of the model fragments that correspond to the feature
to be located.

There are many more research efforts in dynamic feature location techniques
that are based on source code analysis. Some of these works combine other kinds
of analysis (i.e., information retrieval) to obtain more accurate results.

Liu et al. [14] combine information from an execution trace and from the
comments and identifiers from the source code. They executed a single scenario
(which runs the desired feature), and all executed methods are identified based
on the collected trace using LSI. The result is a ranked list of executed methods
based on their textual similarity to a query. Similarly, Koschke et al. [11] develop
a semi-automated technique using a combination of static and dynamic program
analysis. However, they use FCA to explore the results of the dynamic analysis.

Revelle et al. [18] apply data fusion for feature location. Their technique
combines information from textual, dynamic, and web mining analysis applied
to a software system. Their input is a single scenario that executes the feature;
after running the scenario, they construct a call graph that contains only the
methods that were executed. Then, they apply a web-mining algorithm, and the
system filters out low-ranked methods. The remaining set of methods is scored
using LSI based on their relevance to the input query that describes the feature.

Similarly to our approach, all these feature location techniques use informa-
tion from different sources. Additionally, Revelle and Poshyvanyk [19] present
an exploratory study of feature location techniques that use various combina-
tions of textual, dynamic, and static analysis. Also, they introduces a new way
of applying textual analysis by which queries are automatically composed by
identifiers of a method known to be relevant to a feature. Although they are
based on locating feature in source code, some of the ideas could be applied to
our architecture-model-based feature location approach to obtain more accurate
results.

6 Conclusions

This work proposes an approach that combines architecture models at run-time
and information retrieval for feature location. Specifically, our approach uses a
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scenario that executes the desired feature to be located. In addition, our approach
ranks all of the model elements that are executed to extract the model elements
that are related to the feature. We adapt an information retrieval technique
called LSI to work with architecture models at run-time. The ranked list of
model elements is obtained based on the similarity of these model elements to a
query in a natural language.

Both models and feature descriptions are on a higher abstraction level than
source code. This means that models are closer to natural language queries, and
the results are more accurate. The comparison of our architecture-model-based
feature location approach with a source-code-based feature location approach
for the Smart Hotel case study demonstrate this outcome.

Our architecture-model-based approach ranks the relevant elements in the
top ten positions of the ranking in 84 % of the cases. In the top positions of the
source-code-based approach ranking, there are false positives associated with
some programming patterns and true positives are spread between positions 12
and 100.
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Abstract. Feature Location is one of the most important and common
activities performed by developers during software maintenance and evo-
lution. In prior work, we show that Dynamic Feature Location obtains
better results working with models rather than source code. In this work,
we analyze how the criteria to create the model traces influence the
Dynamic Feature Location results. We distinguish between two different
criteria: configuration and architecture. Our Dynamic Feature Location
approach is composed of dynamic analysis, information retrieval at the
model trace level, and information retrieval at the model level. The eval-
uation in a Smart Hotel tests whether the traces created following the
two criteria modify the results of the Feature Location by measuring
recall, precision, and the combination of both (F-measure). The results
reveal that in 75% of the cases the traces that follow the architecture
criterion outperform the traces that follow the configuration criterion.

Keywords: Models at run-time - Feature location + Reverse engineering

1 Introduction

Software maintenance often involves tedious, time-consuming activities. Lehman
et al. [15] pointed out that up to 80% of the lifetime of a system is spent on main-
tenance and evolution activities. Software maintainers spend from 50% to almost
90% of their time trying to understand a program to make changes correctly. To
understand the underlying intents of an unfamiliar system, maintainers look for
clues in both the code and the documentation [2].

Feature Location is one of the most important and common activities per-
formed by developers during software maintenance and evolution [8]. Currently,
research efforts in Feature Location are concerned with identifying software arti-
facts that are associated with a program functionality (a feature). In Feature
Location approaches, it is common to focus on analyzing source code.

In prior work [3] we show that, for systems based on models at run-time,
better results were obtained in Dynamic Feature Location if we analyzed the
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run-time model instead of the source code. Through this work, our goal is to
analyze how the criteria to form the model trace influence the Dynamic Feature
Location results. We are interested in two criteria to decide when a snapshot of
the run-time model should be added to the trace: (1) configuration criterion, that
adds a snapshot of the run-time model to the trace when the model corresponds
to a target configuration of the system in a reconfiguration, and (2) architecture
criterion that adds a snapshot of the run-time model to the trace each time a
change in the run-time model is performed.

Our Dynamic Feature Location approach is composed of dynamic analysis,
information retrieval at the model trace level, and information retrieval at the
model level. As a result, our approach generates a ranking with the most relevant
model elements for the feature to be located. We implemented the second and
third steps using a method named Latent Semantic Indexing (LSI), the method
that provides better results [16,20,21]. LSI allows software engineers to write
queries that are relevant to the feature they want to locate. As a result, the
software engineers obtain a ranked list of model elements from the model, which
are intended to identify the parts of the model that are significant for the target
feature.

We have applied our approach to a Smart Hotel to assess its performance. The
case study presents 476 model elements in the architecture model. The evaluation
tests how the traces created following the two criteria influence the results of
the Feature Location by measuring recall, precision, and the combination of
both (F-measure). These are the most common measures for the experiments
with information retrieval methods [17,23]. The recall, precision, and F-measure
values reveal that the traces that follow the architecture criterion obtain better
results than the traces that follow the configuration criterion in 75% of the cases.

The remainder of the paper is structured as follows. In Sect. 2, we present
the Smart Hotel and the model traces. In Sect. 3, we describe our approach for
Dynamic Feature Location with models. In Sect. 4, we evaluate our approach in
the Smart Hotel and we discuss the results. In Sect. 5, we examine the related
work of the area. Finally, we present our conclusions in Sect. 6.

2 Background

The running example and the evaluation of this paper are performed through
a Smart Hotel [7]. In this section we present the reconfigurations of the Smart
Hotel that are performed in response to changes in the context. For instance,
a change in the context could be determined by assessing if there is a client in
the room or not, or focusing on what activities the client may be performing
(sleeping, watching TV, etc.). In addition, this section shows the model traces
in which our approach records the execution information.

2.1 Behavior of the Smart Hotel at Run-Time

The Smart Hotel reconfiguration engine determines how the system should
be reconfigured in response to a context change, and then it modifies the
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architecture model accordingly. In models at run-time, a causal connection
between the system and the run-time model is defined (there is a bidirectional
relation between the source code and the run-time model). This connection
allows the models (usually the architecture model) to reflect the software state.
This connection can be achieved in different ways, however, the most used imple-
mentation is the MAPE-K loop [6, 13]. For more details about the reconfiguration
engine of the Smart Hotel see [7].

Lighting By Presence
(The user is in the room)

Presence Simulation
(Nobody is in the room)

vV

Lights

TV Lights

Presence
Simulator

Multimedia
Service

Alarmlj_o

Security Presence Sensors

Lighting
Service

Alarm Security

. Service
Service

’D Device

—— Channel

O Service

Fig. 1. Smart hotel model reconfigurations

Figure 1 shows two Smart Hotel configurations according to the concrete syn-
tax of the architecture model of PervML [19]. Figure 1 (left) shows a User in the
room configuration, while Fig. 1 (right) shows a Nobody in the room configura-
tion. It can be observed that movement sensors arc used for different purposes:
lighting (left), and providing information to the security service (right). In addi-
tion, the Occupancy simulation service is activated in the Nobody in the room
configuration, and the connections that are required for this service to commu-
nicate with multimedia, lighting, and security services are established.

2.2 Model Execution Traces

In our approach, the execution information is recorded by a model trace of
snapshots at run-time. Each execution trace is related to a set of snapshots of
the run-time model. In this paper we are interested in two criteria to decide when
a snapshot of the run-time model should be added to the trace: (1) configuration
criterion, and (2) architecture criterion.

In the configuration criterion, the snapshots are added to the trace when the
run-time model corresponds to a target configuration of the system in a recon-
figuration. That is, a snapshot is added when the system completes the changes
from one configuration to another. In the architecture criterion, the snapshots
are added to the trace when a change in the run-time model is performed. That
is, a snapshot is added each time a component of the run-time model is deleted
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Model Trace following the Configuration Criterion

Fig. 2. Different model traces following the different criterion

or created even if the model does not correspond to a target configuration of the
system.

Figure 2 shows two different traces for the same reconfiguration (the recon-
figuration showed in Fig.1). The upper part shows a trace composed by the
configuration criterion. The first snapshot shows the system when there is a user
in the room, and the second snapshot shows the system when the user leaves
the room and the corresponding reconfiguration is completed. The bottom part
shows a trace composed by the architecture criterion. The first snapshot and the
last one are the same, as in the upper part of the figure. However, the rest of the
snapshots give more detail on what actions were carried out in the reconfigura-
tion from the first snapshot to the fifth one. For instance, in the second snapshot,
the Presence Simulator appears; in the third snapshot, the channels that connect
the Presence Simulator with the Multimedia Service and the Lighting Service
emerge; in the fourth snapshot, the channels that connect the Lighting Service
with the Presence Sensors are deleted; and, finally, in the fifth snapshot, the
channels that connect the Security Service with the Presence Sensors come into
sight.

3 Model Based Dynamic Feature Location Approach

Figure 3 shows an overview of our model based Dynamic Feature Location app-
roach. It is composed of three steps: dynamic analysis, information retrieval in
the model trace, and information retrieval in a model from the model trace.
In the first step, the software engineer executes a scenario, which involves the
desired feature to be located. The execution information is recorded by a model
trace of snapshots at run-time. Then, the model trace is used as input for the
second step of our Dynamic Feature Location. Using information retrieval, the
most relevant model for the desired feature is selected from the model trace. This
model is used as input for the third step of our approach, which performs infor-
mation retrieval at the model element level. As a result, the software engineers
obtain a ranked list of model elements from the model, intended to identify the
parts of the model that are significant for the target feature.
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Fig. 3. Overview of the dynamic feature location approach

The following subsections present each of the steps that must be carried
out in order to perform the Feature Location at the model level, following our
approach. We use the Smart Hotel presented in Sect. 2 throughout the different
subsections to illustrate the details with a running example.

3.1 Dynamic Analysis

Execution information is gathered via dynamic analysis, which is commonly
used in program comprehension and involves executing a software system under
specific conditions. Executing the target feature during run-time generates a
feature-specific execution trace. In other words, the input for the execution is a
scenario that runs the target feature.

The model trace generated in this step only includes the models that have
been executed in the feature-specific scenario. This model trace is the main
artifact that our approach uses to locate the target feature.

As an example, we depict a scenario where we want to fix a bug in the gradual
light of the Smart Hotel. We follow the information from the bug report to define
the scenario that executes the target feature. In this case, a simplified version
(due to space constraints) of the scenario is as follows:

‘The software engineer simulates an empty Smart Hotel room. The lights are
off. The software engineer simulates that a client enters the room. The lights
gradually turn on. The software engineer simulates that the client leaves the
room, and then the lights gradually turn off.’

Our approach implies that the software engineer input is needed and of
course, results are sensitive to that input. The software engineer has to decide
on a scenario that will run the desired feature.

3.2 Information Retrieval in the Model Trace

In this step we use the model trace extracted in the previous step. In addition,
the software engineer has to formulate a query related to the feature that must
be located. The model trace and the query can be leveraged to locate the most
relevant model for the feature through the use of Information Retrieval (IR). IR
works by comparing a set of artifacts to a query, and ranking these artifacts by
their relevance to the query.
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Typically, the query can come from textual documentation of the products,
comments in the code, bug reports or oral descriptions from the engineers. There-
fore, the query will include some domain specific terms similar to those used when
specifying the models. The knowledge of the engineers about the domain and
the models will be useful to select the query from the available sources.

There are many IR techniques that have been applied for feature location
tasks. Most of the feature location research efforts show better results when
applying Latent Semantic Indexing (LSI) [16,21]. In addition, combining LSI
with dynamic analysis improves its effectiveness [20].

In our previous work [3] we adapted LSI, which was traditionally used in
code, in order to apply it to models. Summarizing, the text from the models
is extracted and a text corpus is created, where each document corresponds
to a model or to a subset of model elements of the model. The text corpus
is used to create a term-by-document co-occurrence matrix. As LSI does not
use a predefined grammar or vocabulary it is very robust regarding outlandish
identifier names and stop words. Users can produce queries in natural language
and the system returns a list of all the documents in the system, ranked by their
semantic similarity to the query.

Models
3

room 1 2 0 1 2 1
automated 2 1 0 0 4 0

")
£ )

light 6 5 7 0 0

2
presence 4 2 0 0 1 6
intensity 0 2 1 1 0 1
security 1 0 0 1 4 0

Fig. 4. Information retrieval via latent semantic indexing (LSI)

We adapt each step of the LSI technique to work with the model trace. The
adaptation is performed as follows:

— Creating a corpus: Each document corresponds to a model of the model
trace extracted in the dynamic analysis. Each document (model) includes
text from the names of the model elements and the names of the attributes
and methods of the model elements that compose that model.
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— Preprocessing: The type of the attributes and the type of the parameters
in the methods are removed. Then, all the identifiers are split. For exam-
ple, 'TlluminationService” becomes ’illumination’” and ’service’. To do this, we
apply Natural Language Processing (NLP) techniques, such as tokenizing,
Parts-of-Speech (POS) tagging techniques, and stemming techniques [1,12],
however, the details of the application of these techniques are out of the scope
of this paper.

— Indexing: In the term-by-document co-occurrence matrix, the terms (rows)
correspond to the names of the model elements and the names of the
attributes or methods of the model, and the documents (columns) corre-
spond to the models that have appeared in the model trace. Figure 4 shows
the term-by-document co-occurrence matrix, with the values associated to
our running example.

Each row in the matrix stands for each one of the unique words (terms)
extracted from our models. Figure 4 shows a set of representative keywords
in the domain such as 'room’, ’light’, or 'presence’ as the terms of each row.
Each column in the matrix stands for the models of the model trace. Figure 4
shows the models of the trace in each column, such as ’Snapshotl’, which
represents the first model of the model trace.

Each cell in the matrix contains the frequency with which the keyword of its
row appears in the document denoted by its column. For instance, in Fig. 4,
the term ’light” appears 6 times in the ’Snapshot1’ model.

— Querying: We use the bug reports to formulate the queries. Only the relevant

terms are taken into account, and words such as determinants and connectors
from the language are omitted.
In Fig.4, the query column represents the words that appear in the bug
report. Each cell contains the frequency with which the keyword of its row
appears in the query. For instance, the term "presence’ appears 6 times in the
query.

— Generating results: In our approach, each document and the query are
translated into vectors. The cosine of the angle between the query vector and
a document vector is used as a measure of the similarity of the document to
the query. The closer the cosine is to one, the more similar the document is to
the query. A cosine similarity value is calculated between the query and each
document, and then the documents are sorted according to their similarity
values. The user inspects the ranked list to decide which of the documents
are relevant to the feature.

We obtain vector representations of the documents and the query by nor-
malizing and decomposing the term-by-document co-occurrence matriz using
a matrix factorization technique called Singular Value Decomposition (SVD)
[14]. SVD is a form of factor analysis, or, more properly, the mathematical
generalization of which factor analysis is a special case. In SVD, a rectan-
gular matrix is decomposed into the product of three other matrices. One
component matrix describes the original row entities as vectors of derived
orthogonal factor values, another describes the original column entities in the
same way, and the third is a diagonal matrix containing scaling values such
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that when the three components are matrix-multiplied, the original matrix is
reconstructed.

In this step of our approach, we only take into account the model that
presents the best similarity measure. We consider it as the most relevant model
for the feature to be located, and as such, it is used as input for the next step.

3.3 Information Retrieval in the Model

In this step we apply LSI at the model element level, considering that each model
element is a document. We apply it to the model obtained in the previous step.
This model is the most relevant model for the desired feature. However, we want
to locate the most relevant model elements for the desired feature. The result of
this step is a ranked list of model elements of the model, which are intended to
identify the parts of the model that are significant for the target feature.

To that extent, we adapted LSI to work with a model. The main differences
from the previous adaptation are the following:

— The input is one model. As such, the terms are extracted taking into account
only one model.

— The granularity of the corpus changes. In the corpus creation, each document
corresponds to a model element of the most relevant model extracted before.

For generating the results, we apply the same technique as in the previous
step (SVD). However, the result in which we are interested is different. In this
step of our approach, of all the model elements, only those model elements that
have a similarity measure greater than x must be taken into account to measure
the quality of the results. A good heuristic that is widely used is x = 0.7.
This value corresponds to a 45° angle between the corresponding vectors. This
threshold has yielded good results in other similar works [17,22]. Determining a
more generally usable heuristic for the selection of the appropriate threshold is
an issue under study, over which further research is needed.

The goal of our approach is to rank the relevant model elements within the
top positions. The ranking of model elements is ordered by the values of the
cosines.

4 Evaluation: Feature Location in the Smart Hotel

We evaluate how the architecture changes recorded with the snapshots in the
model trace influence the results of Feature Location. In other words, we want
to evaluate whether all the changes produced in the architecture model when
a system reconfiguration is necessary are relevant for feature location. In order
to do this, we compare the presented model based Dynamic Feature Location
approach using traces following the architecture criterion (DFL-AT), against the
same approach using traces following the configuration criterion (DFL-CT).
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The quality of the results of Information Retrieval techniques is measured
by their recall and precision. These are two of the most common measures for
experiments with information retrieval methods [17,23]. For a given query, recall
is the percentage of retrieved documents that are relevant to the total number of
relevant documents, while precision is the percentage of the retrieved documents
that are relevant to the total number of retrieved documents. A measure that
combines both recall and precision is the harmonic mean of precision and recall,
called the F-measure.

We defined the experimental design of our study using the Goal-Question-
Metric method (GQM) [4]. We used the template presented in [5]. The GQM
method was defined as a mechanism for defining and interpreting a set of opera-
tion goals using measurements. In this evaluation, the object is our Smart Hotel,
the purpose is evaluation, the issues are the recall and precision of our Dynamic
Feature Location approach, and the context is Feature Location using model
traces. We focused on answering this research question: Do the criteria used to
form the model trace influence the results of Dynamic Feature Location?

Basili in [4] and Travassos in [24] describe four kinds of studies: in-vivo, in-
vitro, in-virtuo, and in-silico. In our case, we chose to carry out in-virtuo exper-
iments, where the real world is described through computer models. This exper-
iment involves the interaction among participants and a computerized model of
reality. The simulated environment offers major advantages regarding cost and
feasibility against replicating a real-world configuration. In addition, some sce-
narios such as fires or floods that cannot be replicated in the real world can be
described and analyzed in a simulated environment.

In order to evaluate the results of our experiments, we have collected the
existing documentation about the bugs in the Smart Hotel. Each bug can be
mapped to a subset of model elements of a model, specified with the model
fragment formalization capacities of the Common Variability Language (CVL).
In other words, for each bug, we know beforehand which is the associated subset
of model elements that are involved in the bug. We use the existing knowledge
as an oracle to evaluate the results provided by DFL-AT and DFL-CT.

Figure 5 shows the entire process that we followed to evaluate our approach.
For the evaluation, we used the Smart Hotel system (Fig. 5(A)). The Smart Hotel

(A) i (B) i (€) (D)
Smart Hotel \Dynamic Analysis | Information Retrieval Checking Results
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Fig. 5. Overview of the evaluation process
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presents 476 model elements in the architecture model. In the evaluation set-up,
a simulated environment was used to represent the Smart Hotel.

After running the scenario that executes the feature to be located, our app-
roach generated the model traces (Fig. 5(B)). Then, we run two different Feature
Location scenarios, using different traces as input. DFL-AT used the model trace
that follows the architecture criterion, and DFL-CT used the model trace that
follows the configuration criterion.

DFL-AT produced a ranking of model elements (DFL-AT Ranking), and
DFL-CT produced another ranking of model elements (DFL-CT Ranking) for
the desired feature (see Fig.5(D)). The oracle allowed us to know how many
of the model elements in the rankings were the ones that realized the desired
feature in terms of recall, precision, and F-measure values.

The recall and precision were calculated as follows:

RankingElements N Oracle Elements
Recall =

OracleElements

. RankingElements N OracleElements
Precision =

RankingElements

The F-measure that combines recall and precision was calculated as follows:

Precision x Recall
F — measure = 2 x

Precision + Recall

4.1 Results

We performed this evaluation with thirty bugs extracted from the documenta-
tion of the Smart Hotel. We defined the scenarios based on bug reports. On
average, the generated traces were as follows: 26 models in the trace following
the architecture criterion (DFL-AT) and 9 models in the trace following the
configuration criterion (DFL-CT).

Figure 6 shows the recall, precision, and F-measure values for each one of
the bugs. On average, DFL-AT obtains a 74.67% recall value while DFL-CT
obtains a 64.23% recall value. The values indicate that around the 75% of the
model elements that realize the target feature are retrieved. DFL-AT improves
the recall result achieved by DFL-CT by around 10%.

Regarding the precision value, on average, DFL-AT obtains a 75.96% while
DFL-CT obtains a 65.53%. The values indicate that around the 76% of the
model elements retrieved belong to the targeted feature. Once again, DFL-AT
improves the precision result achieved by DFL-CT by around 10%.

Consequently, on average, DFL-AT obtains a 74.35% F-measure value, while
DFL-CT obtains a 63.02% F-measure value. In 75% of the cases, DFL-AT out-
performs the results of DFL-CT.
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4.2 Discussion

Our evaluation suggests that Feature Location with model traces following the
architecture criterion obtains better results in precision, recall, and F-measure
than Feature Location with model traces following the configuration criterion.
This is because the manifestation of a bug can occur in a snapshot that does not
represent a source or target configuration in a reconfiguration of the system. In
other words, a bug can be introduced in the system due to changes made in the
architecture model during a reconfiguration.

Analyzing the results, Dynamic Feature Location with model traces following
the architecture criterion does not always get the best results. The model traces
composed by the architecture criterion have more snapshots that the model
traces composed by the configuration criterion (see Sect.2.2). In addition, two
consecutive snapshots of the model trace composed by the architecture criterion
are typically more similar that two consecutive snapshots of the model trace
composed by the configuration criterion. For instance, in the model trace com-
posed by the architecture criterion, a snapshot may differ from its consecutive
one on only a single channel.

The above indicates that, in the step through which we perform information
retrieval to extract the most representative model, the search space is larger in
the model trace composed by the architecture criterion. In addition, the fact
that the models in the trace are similar can imply similarity of terms in the doc-
uments of the LSI, therefore causing the technique to not discriminate between
some models. However, in 75% of the cases, the Dynamic Feature Location with
the model trace composed by the architecture criterion obtains better results
than the Dynamic Feature Location with the model trace composed by the con-
figuration criterion.

Finally, when forming the traces in the architecture criterion, only the cre-
ation and deletion of model elements are taken into account. In order to obtain
better results in Feature Location, further experiments must be performed to
analyze if other updates in the model elements should be taken into account.

4.3 Threats to Validity

In this section, we discuss some of the issues that might have affected the results
of the evaluation and that may limit the generalizations of the results.

The first issue is regarding whether or not the software system used in the
evaluation is representative of those used in practice. Given the scale and com-
plexity of our Smart Hotel, we consider our evaluation to be a good starting
point for representing a realistic case. However, this threat can be reduced if we
experiment with other software systems of different sizes and domains.

Another issue is the selection of the scenarios to obtain the execution trace.
Since we have extracted the information from the bug reports, we can claim
that our scenarios are good representatives of features that must be located
to solve the most common bugs of the Smart Hotel. In addition, following the
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information from the bug anyone could define the scenarios. However, depending
on the chosen scenarios, the results may differ.

Since the queries formulated to generate the ranked lists depend on the bug
reports, the final results are also sensitive to the queries extracted by the software
engineers from the bug reports.

5 Related Work

Some approaches related to Feature Location use design-time models to extract
variability. Although they do not use models at run-time, their works are based
on extracting features using models.

Font et al. [10] show that model fragments extracted mechanically may not be
units recognizable by application engineers. They propose identifying model pat-
terns by their human-in-the-loop approach, and conceptualizing them as reusable
model fragments. Their approach provides the means to identify and extract
those model patterns and further apply them to existing product models. In
[11], the work from [10] is extended to handle situations where the domain expert
fails to provide accurate information. The authors propose a genetic algorithm
for feature location in model-based SPLs. Their comparison with other approach
without a genetic algorithm demonstrates that their approach is able to provide
solutions upon inaccurate information on the part of the domain expert while
the other fails.

Martinez et al. [18] propose an extensible framework that allows a feature to
be identified, located and extracted from a family of models. They introduce the
principles of this framework and provide insights on how it can be extended for
usage in different scenarios. As a result, the initial investment required by the
task of adopting a software product line from a family of models is reduced.

All of these works extract model fragments from a given set of models, taking
into account their commonalities and variabilities. However, these approaches do
not take into account the run-time behavior of systems, and are not focused on
Feature Location. Nevertheless, all of them can be used as a base for extracting
the model fragments that correspond to the feature to be located.

There are many more research efforts in Dynamic Feature Location tech-
niques based on source-code analysis. Some of these works combine other kinds
of analysis (i.e. information retrieval) to obtain more accurate results.

Liu et al. [16] combine information from an execution trace and from the
comments and identifiers from the source code. They executed a single scenario
which executes the desired feature. All the executed methods are identified based
on the collected trace using LSI. The result is a ranked list of executed methods
based on their textual similarity to a query.

Revelle et al. [21] apply data fusion for feature location. Their technique
combines information from textual, dynamic, and web mining analysis applied
to software. Their input is a single scenario that exercises the feature. After
running the scenario, they construct a call graph that contains only the methods
that were executed. Then, they apply a web-mining algorithm, and the system
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filters out low-ranked methods. The remaining set of methods is scored using
LSI based on their relevance to the input query describing the feature.

Dit et al. [9] present a data fusion model for feature location that is based on
the idea that combining data from several sources in the right proportions will
be effective at identifying a feature’s source code. The data fusion model defines
different types of information that can be integrated to perform feature location
including textual, execution, and dependence. Textual information is analyzed
by IR, execution information is collected by dynamic analysis, and dependencies
are analyzed using link analysis algorithms.

Similarly to our technique, all of these feature location techniques use infor-
mation from different sources. Although they are based on locating features in
source code, some of the ideas could be applied to our model based Dynamic
Feature Location approach to obtain more accurate results.

In addition, Arcega et al. [3] present a model-based feature location app-
roach. They apply dynamic analysis and information retrieval with run-time
models. The evaluation is focused in revealing that model based feature loca-
tion approaches provide more accurate results. This work extends this approach
changing the way the model traces are treated. Through this work, we are focused
in finding the information needed in the model traces to obtain more accurate
results in Dynamic Feature Location.

6 Conclusion

In the presented work, we analyze how the criteria to create the model traces
influence Dynamic Feature Location results. We focus on two different criteria:
(1) configuration criterion, that adds a snapshot of the run-time model to the
trace when the model corresponds to a target configuration of the system in a
reconfiguration, and (2) architecture criterion, that adds a snapshot of the run-
time model to the trace each time a change in the run-time model is performed.
Our Dynamic Feature Location approach is composed by dynamic analysis, infor-
mation retrieval at the model trace level, and information retrieval at the model
level.

Our evaluation in a Smart Hotel calculates the values of the most common
measures for experiments with information retrieval methods (recall, precision,
and F-measure). We use these values to compare Dynamic Feature Location
with traces created following the architecture criterion against Dynamic Feature
Location with traces created following the configuration criterion. The results
reveal that in 75% of the cases, Dynamic Feature Location with model traces
composed by the architecture criterion obtains better results than Dynamic Fea-
ture Location with model traces composed by the configuration criterion.

Our future work involves designing a Feature Location approach that com-
bines model traces and information about the time of the execution. In addition,
further experiments are necessary to identify other different criteria to create
model traces.
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Abstract—Dynamic Software Product Lines (DSPLs) offer
a strategy to deal with software changes that need to be
handled at run-time. In r to context ch a DSPL
capitalize on knowledge about the architecture variability of
the software system to shift between configurations. Similar
to any other kind of software, a DSPL needs to evolve over
time but current approaches require software engineers to
manually perform the DSPL evolution. Our work addresses
the evolution of the architecture variability that makes up the
knowledge of the DSPL. Given a new version of the architecture
variability, we calculate its configuration space and propose
strategies that allow migration from the current version to the
new version. Our strategy solves the collision of the realization
layer resulting from the integration of the new version of the
variability specification. We evaluate our dynamic evolution
strategy using the Goal-Question-Metric method for a Smart
Hotel case study with 2°° possible configurations as starting
point. Our experiment indicates that the proposed technique
would enable automatic evolution in 9 out of 10 cases. In
the rest of the cases, all of the DSPL configurations changed
between the old and the new version, which frustrates an
automatic evolution.

I. INTRODUCTION

Dynamic Software Product Lines (DSPLs) offer a strategy
to deal with software changes that need to be handled at run-
time. Specifically, DSPLs shift between different configura-
tions triggered by context changes and are driven by means
of the architecture variability knowledge. A recent survey [1]
reveals that normally the knowledge of a DSPL is formalized
by a variability model and an architecture model described
in a Domain Specific Language (DSL). The infrastructure
that uses this knowledge for the run-time reconfigurations
is a MAPE-K loop [2]. DSPLs exist in several domains
such as transportation system’s production and warehousing
environments [3], recommendation systems [4], autonomous
navigation in robots [5], environmental monitoring [6], au-
tomotive systems [7] and smart homes [8], [9], [10].

Nevertheless, similar to any other kind of software, a
DSPL needs to evolve over time. However, the DSPL evo-
lution has some specific characteristics: (1) the co-evolution
of the variability model and the architecture model (if the
variability model evolves the architecture model must also
evolves and vice versa), and (2) the running system has to
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be available for the interaction with the context throughout
the evolution.

Current research efforts in DSPLs propose the evolution
of DSPLs that are already deployed by developing and
deploying new software bundles that represent alternative
implementations [11], [1], [12], [13]. The integration of
new bundles into the DSPL has to be performed manually
by software engineers. They have to manually inspect and
manipulate the specification of variability and architecture
and do not guarantee that the system remains available
throughout the evolution of the knowledge of the DSPL.

Our work addresses the knowledge evolution of DSPLs.
We propose to address the DSPL knowledge evolution by
means of the configuration space of a DSPL. Given a new
version of the models of a DSPL, we calculate its configura-
tion space and propose strategies that allow migration from
the current version to the new version taking into account
shared configurations between their configuration spaces.

One problem that can arise during the evolution is the col-
lision between model elements. A collision is when a feature
of the DSPL is realized differently in the current version of
the DSPL compared with the new version of the DSPL. Our
strategy solves the collision of the realization layer resulting
from the integration of the variability specification by taking
into account each type of collision depending on its nature.
We develop a set of rules for solving each type of collision.

We evaluate our DSPL knowledge evolution strategy
using the Goal-Question-Metric method through a simu-
lated evolution of a Smart Hotel DSPL. The Smart Ho-
tel presents thirty-nine features in the feature model, and
thirteen services, twenty devices and thirty-five channels
in the architecture model. That is, the configuration space
of the Smart Hotel has 23° potential configurations. The
results of our work demonstrate that the proposed strategies
complement the current implementations by solving the
automatic evolution of the variability knowledge at run-time
in 9 out of 10 cases. In 1 out of 10 cases, our strategy cannot
evolve the DSPL automatically because the input models
differ greatly from each other, that is, they have no common
configurations.

The remainder of the paper is structured as follows. In
Section 2, we present the models and the implementation of
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the MAPEK loop. In Section 3, we introduce our evolution
strategy and the different evolution scenarios. In Section 4,
we explain the implementation details of our strategy. In
Section 5, we present our evaluation for the Smart Hotel
DSPL. In Section 6, we examine the related work, and we
present the conclusions in Section 7.

II. BACKGROUND

DSPLs move existing Software Product Line (SPL) engi-
neering processes to run-time, ensuring that each reconfig-
uration of the system reach a valid configuration state [1].
Therefore, a DSPL generates a single product which is able
to adapt its behaviour at run-time.

Variability modelling, which consist in defining the com-
monalities and variabilities, is the central activity of SPLs
and DSPLs. In a DSPL the variability model describes the
variations that can be produced at run-time. The variability
model refers to the system architectural components. In
DSPLs the system architecture supports all possible con-
figurations defined by the variability model.

The evaluation of this approach is performed through
a reconfigurable DSPL for a Smart Hotel [14]. The run-
time reconfigurations are performed by an implementation
of a MAPE-K loop [2] named Model-based Reconfiguration
Engine (MoRE) [14]. Recent surveys reveal that MAPE-K is
the most common implementation for reconfiguration loops
in DSPLs [1], [15]. This will enable other software engineers
to apply these evolution ideas to their MAPE-K DSPL.

A. Smart Hotel Variability Modeling

In the Smart Hotel DSPL, the variability model is ex-
pressed through a feature model. The architecture model
is defined using a DSL. The realization layer defines the
connection between the variability model and the architec-
ture model [16], [17]. Finally, the output system is obtained
through a model (DSL) to text (Java code) transformation.

Feature models describe the common and variable char-
acteristics of a system [18]. In feature models, features are
hierarchically linked in a tree-like structure through variabil-
ity relationships (optional, mandatory, or single choice), and
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(a) Subset of the Smart Hotel Feature Model, (b) Subset of the PervML model, and (c) MoRE.

are optionally connected by cross-tree constraints (requires
or excludes). Our feature model represents all of the different
features that the Smart Hotel has implemented.

A feature model contains the set of all features (selected
or unselected). A Running Configuration (RC) of a system
is defined as the set of all selected features in its feature
model at a given time. The subset of the Feature Model in
Figure 1 shows a small part of the entire Smart Hotel. The
grey features represent the running features of the Smart
Hotel, while the white features represent potential variants
since they may be activated in the future. For instance, the
system can potentially be upgraded with a Gradual lighting.

Although a feature model can represent commonalities
and variabilities in a very concise taxonomic form, features
in a feature model are merely placeholders. We use a
weaving model as the realization layer, that is, for map-
ping features to architecture model elements. The weaving
model expresses a link between a feature model and model
elements. This weaving approach enables us to configure
architecture models from a set of given features.

We use Pervasive Modelling Language (PervML) [19] to
describe the Smart Hotel. PervML is a DSL that describes
pervasive systems using high-level abstraction concepts
based on Meta-Object Facility (MOF) [20]. However, other
MOF-based DSLs for other domains can be used equally
well with our approach.

Due to space constraints, in this work, we only focus on
the subset of PervML that specifies the relationships among
devices and services. This subset specifies the components
that define a particular system (services and devices) and
how these components are connected with each other (chan-
nels). Services are depicted by circles, devices are depicted
by squares, and the channels connecting services and devices
are depicted by lines (see Figure 1 PervML Model).

B. DSPL Reconfiguration Loop: MoRE (Model-based Re-
configuration Engine)
Control loops have been identified as essential elements

to realize the adaptation of software systems. IBM suggested
a reference model for autonomic control loops [2], which is
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Figure 2.

called MAPE-K loop. This loop is very useful to researchers
that work on run-time variability to make their systems
autonomous. The adaptation is based on models (the K
element), which means that models are present at run-time
[1]. To enable autonomic behaviour, the system must change
from one configuration to another by itself. These changes
are then translated into reconfiguration actions that modify
the system components accordingly.

We use an implementation of the MAPE-K loop called
Model-based Reconfiguration Engine (MoRE) [14]. MoRE
translates context changes into changes in the activa-
tion/deactivation of features. These changes are then trans-
lated into the reconfiguration actions that modify the system
components accordingly.

In the previous section, we have presented the variability
model and the architecture model that MoRE uses as Knowl-
edge (K) to switch between configurations (see Figure 1 (c)).
That is, the Smart Hotel DSPL knowledge is composed by
the feature model and the PervML architecture model. In
MoRE, the Monitor (M) uses the run-time state as input
to check context conditions. If any of these conditions are
fulfilled, the Analyzer (A) uses the associated resolution
and the previous model operations to query the run-time
models about the necessary modifications. The response
of the models is used by the Planner (P) to elaborate
a reconfiguration plan. This plan contains reconfiguration
actions, which modify the system architecture and maintain
the consistency between the models and the architecture. The
Execution (E) of this plan modifies the architecture in order
to activate/deactivate the features specified in the resolution.

The reconfiguration of the system is performed by execut-
ing reconfiguration actions that deal with the activation and
deactivation of components and the creation and destruction
of channels among components. For example, the Java vir-
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tual machine allows loading and unloading code dynamically
and component platforms allow loading, connecting and
disconnecting component instances.

The feature model specifies the possible configurations
of the system, while the PervML architecture model can
be rapidly retargeted to a specific configuration in response
to changes in the context. MoRE calculates the architecture
increments and decrements in order to determine the actions
necessary to modify the system architecture. These opera-
tions take a feature resolution as input, and they calculate
the modifications to the architecture in terms of devices,
services, and channels.

Moreover, it is absolutely necessary to have a way to
analyze the reconfigurations before performing them. MoRE
validates the configurations resulting from the simultane-
ous fulfillment of context events at design-time. There-
fore, unexpected configurations can be avoided. Specifically,
MOoRE analyzes variability models by means of the FAMA
framework [21] for variability analysis. FAMA framework
integrates some of the most commonly used logic representa-
tions and solvers proposed in the literature. This framework
enables to determine if a system configuration is valid, and
it can also provide explanations about invalid configurations.

III. OUR EVOLUTION STRATEGY

Figure 2 shows the operation of the DSPL presented. The
upper part depicts the actions performed at design-time by
software engineers while the lower part shows the impact
that those actions have on the running DSPL.

The first column presents the initial deployment of the
DSPL; the first versions of the models are created by the
software engineer (the upper part). The initial deployment
of the DSPL is performed using those models. The lower
part of the first column shows how the DSPL is conformed
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with the MAPE-K loop. The DSPL can be reconfigured at
run-time by hot-swapping existing components.

In the second column of Figure 2, the system is recon-
figured and starts using a configuration described by the
variability knowledge that is different from the original one
(in this case, a shift from Configuration 2 (C2) towards
Configuration 1 (C1)). This reconfiguration is performed at
run-time; an event from the physical world triggers the use
of a new configuration. For example, in the Smart Hotel,
Cl is the configuration when a room is empty (i.e., the
sensor of the room are used for security purposes). When
the client of the hotel enters in the room, MoRE performs
the reconfiguration and changes from C1 to C2 that is when
the client is in the room (i.e., the sensors of the room are
used for illumination purposes).

The third column presents an example of evolution of
the DSPL. The software engineer creates the new models
(the top part of third column). Our strategy is used to
translate those changes to the running DSPL. The current
DSPL (Version 1) will be evolved with the new DSPL
(Version 2) as indicated by the strategy in order to modify
the running DSPL without suspending its execution. That is,
some of the configurations are added and some others are
removed without stopping the system. When a configuration
is modified, we assume that the configuration has been
removed and a new configuration has been added.

After the evolution, the system can perform new recon-
figurations. In the fourth column of Figure 2, the system is
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reconfigured from Configuration 1 (C1) to Configuration 4
(C4). The system is able to reach configurations of the new
version of the models.

This work focuses on the knowledge evolution of a
DSPL. We consider evolution to be the integration of newly
developed components without having to stop the system.

We show the evolution by means of the configuration
space that is defined by the models. A configuration space is
composed of a set of configurations and transitions between
configurations. Each of the configurations is composed of
a set of active features defined in the variability model. In
turn, an active feature is related to a set of architecture model
elements by means of a realization layer. The system source
code is obtained through a model to text transformation
taking as input the complete architecture model.

Our evolution starts with a design-time evolution when
the software engineer develops a new configuration space
at design-time. In our case, the design-time evolution is the
enabler for the DSPL knowledge evolution [22].

Once the evolution at design-time is developed by the
software engineer, our strategy allows the run-time activation
of the new configurations without having to stop the system.
Our strategy distinguishes between three main scenarios.

A. Evolution scenarios

Figure 3 depicts the different evolution scenarios. The
software engineer develops a new variability model which
defines a new configuration space. We distinguish three
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scenarios taking into account the current configuration space,
the newly developed configuration space, and the running
configuration.

In the first case, there is an intersection between the two
configuration spaces, that is, some configurations belong to
both. In addition, in the first case, the running configuration
belongs to this intersection (i.e., the running configuration
belongs to both configuration spaces). Hence, the running
configuration is also in the new configuration space.

When this case occurs, our strategy performs an Update.
An update requires the evolution of the model elements that
are not involved in the running configuration. Our strategy
removes the old configurations and adds the new ones.

The first column in Figure 3 shows an update when the
running configuration is C3. Configuration C3 is in version
Vi models and in version Vi+1 models; hence, C3 is in the
new version. The resultant configuration space only contains
the configurations of version Vi+1 (C1, C3, C4, C5, and C6).

In the second case, there is also an intersection between
the two configuration spaces. However, the running con-
figuration does not belong to this intersection, that is, the
running configuration is not part of the new version of the
configuration space. The running configuration is only in the
old version of the configuration space.

In this scenario, our strategy performs an Evolution
through Reconfigurations. Our strategy composes the old
configuration space with the new configuration space. The
old version is used in a transient period until a configuration
of the new version is reached. In other words, the two
versions coexist until the running configuration reaches a
configuration of the new version, which allows the safe
removal of the old version of the configuration space.

The second column in Figure 3 shows the evolution when
the running configuration is C2. Configuration C2 is not
present in version Vi+1 models. The resultant configuration
space is a composition of the old configurations (CO, CI1,
C2, C3, and C4) with the new configurations (C1, C3, C4,
C5, and C6). This is only a transient situation; the final
configuration space only maintain the new configurations
(C1, C3, C4, C5, and C6).

The third column in Figure 3 shows that there is no
intersection between the two configuration spaces. Hence,
the strategy cannot reach the new configuration space; there
are no transitions between old configurations and new con-
figurations. Therefore, our strategy is not able to perform
an automatic evolution without stopping the system. This
scenario needs a Restarting Evolution.

B. The special case of a bug

This evolution also allows some configurations to be
blocked. For example, if a serious bug has been spotted in
the running version and some of its configurations should
be avoided (also in the transient situation), the software
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engineer can develop a new configuration space without the
configuration that contains the bug.
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In the same way as in the evolution scenarios, if the
erroneous configuration is not running, our strategy simply
performs an Update discarding the erroneous configuration.
However, if the erroneous configuration is running, our
strategy performs an Evolution through Reconfigurations.
Once the system leaves the erroneous configuration, the
system cannot return to it. This is how the system eliminates
the bug.

In the example of Figure 4, the software engineer wants
to evolve the DSPL from version Vi models to version
Vi+1 models. However, there is a bug in configuration C2.
Instead of performing the evolution directly from version
Vi to version Vi+l, the best way to block the erroneous
configuration, C2, is to develop an intermediate version of
the configuration space that does not contain this erroneous
configuration. Then, the first evolution is from version Vi to
the intermediate version. Our strategy applies one kind of
evolution or the other depending on the configuration that
is running.

Once this intermediate evolution is performed, the config-
uration that contains the bug has been removed. Thus, the
system is prevented from repeatedly reaching the erroneous
configuration. Finally, another evolution from the interme-
diate version to the version Vi+l is needed to achieve the
desired configuration space.

IV. MODEL OPERATIONS TO REALIZE THE EVOLUTION
STRATEGY

This section introduces the model operations of our
evolution strategy. The evolution starts when the software
engineer develops the new version of the models at design-
time. These new models define the new configuration space.
Then, our strategy evolves the configuration space of the
Smart Hotel DSPL. The strategy takes as input the new
version of the models developed at run-time and the running
models of the Smart Hotel.
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Figure 5. Evolution of the Smart Hotel

A. Design-time Evolution

This section shows the evolution of a Smart Hotel DSPL
example performed by the software engineer at design-time.
The upper part of Figure 5 depicts the model versions and
the evolutions performed at design-time. Figure 5 shows the
configuration space, the DSPL Feature Model, and the DSPL
PervML Model. The information in brackets after the name
of each element in the feature model corresponds to the links
to the architecture model.

The upper part of Figure 5 shows the changes performed
by the software engineer at design-time over the config-
uration space, the variability model, and the architecture
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model. Version Vi shows the first version of the Smart
Hotel models. In this small example, the Smart Hotel has
two services, automated illumination and security services.
The automated illumination feature enables lights to be
automatically controlled. The security service is used to alert
people of critical notifications such as fire or water leaks in
the room. The security service can have a traditional audible
alarm or blinking lights.

Version Vi+1 of Figure 5 shows the new models created
by software engineers. They create the temperature control
service, which takes into account the occupancy of the
room and the actual temperature in order to adjust the
heating system. They also change the blinking light alarm
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feature to the visual alarm feature. If any critical situation
occurs, the visual alarm shows a message with instructions;
therefore, the visual alarm shows necessary information that
the blinking lights do not show.

B. DSPL Knowledge Evolution at Run-time

Our strategy distinguishes three scenarios to perform the
evolution. In the Update evolution, the running models are
changed for the new ones. An update requires the evolution
of the model elements that are not involved in the running
configuration. Our strategy removes the old configurations
and adds the new version of the configuration space.

In the Evolution through Reconfigurations scenario, our
strategy has a transient situation before reaching the final
configuration space. The transient situation is formed by a
composition of the new models developed at design-time
and the running models of the DSPL.

To get the transient situation, our strategy composes the
new version of the feature model and the running feature
model, and merges the new version of the architecture
model and the running architecture model. A new realization
layer is created to map each feature with the architecture
elements that are related to it. Our strategy implements this
composition of the models as indicated below.

1) Feature Model Composition: Our strategy combines
the running feature model and the new version of the
feature model to produce the new version of the running
feature model. This composed feature model specifies con-
figurations that may be reached after the DSPL knowledge
evolution. To do the variability composition, our strategy ex-
tends the Reference-based and Slicing composition process
implemented in [23].

The composition process consists of two main phases: (1)
the matching phase identifies model elements that describe
the same concepts in the input models; (2) the merging phase
groups the matched elements together to create new elements
in the resulting model. We chose the hybrid implementation,
Reference-Based and Slicing presented in [23], because it is
the most customizable implementation in their study.

The key idea of Reference-Based implementation is to
build a separate feature model that contains features with
the same names as the input feature models. The features
are then related to input features through a set of logical
constraints. We use Slicing to eliminate internal variables,
which are needed to perform the composition (because they
increase the computational time). The result is a feature
model that joins the input variability models and the con-
straints.

Since conflicts between constraints from different versions
of the feature model can occur, our strategy is driven by
configuration semantics (the architecture configuration set
of the composed variability model is the union of the archi-
tecture configuration sets of the input variability models).
However, our current implementation of the strategy does
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not take into account ontological semantics to determine
the most appropriate variability hierarchy. Given a set of
configurations, there still exist different candidate variability
models with other different hierarchies [18].

The Feature Model Composition in Figure 5 depicts an
example of the feature model composition of our Smart
Hotel example. The inputs of the composition are the
running feature model and the version Vi+1 of the feature
model developed by the software engineer. The output of
the operation is the composed feature model (see Figure 5
lower part).

2) Realization Layer Creation: In order to link the
composed variability model to the architecture model, the
strategy generates a new realization layer. The realization
layer creates a link between features and architecture model
elements. In the feature model composition, some collisions
between features can occur if the features are not unique. In
our case, a feature is not unique when in the composition
there is another feature with the same signature. Our strategy
only considers the name property of a feature model element
as signature. In other words, two features match if they have
the same name property.

We follow a set of rules to create the realization layer
depending on the collisions among features detected during
the matching phase of the feature model composition. A
collision depends on the uniqueness of the features. To dis-
tinguish the type of collision, we extend our implementation
of the feature model composition to add a tag to each feature.

o A feature of type free (F) means no collision, the
feature is only found in one of the feature models.

o A feature of type signature (S) means a collision of
the features, where their references to the architecture
model are the same. In other words, there are two
features (one in each feature model) with the same sig-
nature, where the model architecture elements related
to them are the same for both features.

o A feature of type architecture (A) means a collision
of the features and of the architecture model elements
related to them (i.e., the architecture elements related
to these features are different).

The composed feature model in the realization layer
creation column of Figure 5 shows the features and the type
of each feature.

The creation of the realization layer follows one rule
with each type of feature. For features of type free (F)
and signature (S), our strategy holds the current architecture
elements related to them. This is because there are no
collisions in the architecture elements related to the features.

For features of type architecture (A), we differentiate
two cases. For active features (involved in the running
configuration), our strategy keeps the architecture elements
denoted by the run-time variability model before the DSPL
knowledge evolution. For inactive features (those not in-
volved in the running configuration), our strategy updates



the architecture elements with the new ones that come from
the new variability model of the design-time.

The realization layer creation column of Figure 5 shows
the different types of features and the model elements
associated with each one after creating the realization layer.
For example, the illumination service and the alarm have
changed in the new version of the architecture model (see
Figure 5, upper part). However, since the illumination ser-
vice is active in the running configuration, the architecture
model related to this feature remains unchanged. In contrast,
the alarm is changed to the new version because it does not
belong to the running configuration; it is inactive.

3) Architecture model merging: Finally, our strategy
merges the architecture models that are driven by the re-
alization layer. It performs the superimposition operation
(®) [14] over the variability model. The superimposition
takes a feature and returns the set of architecture model
elements that are related to this feature. The result is a
subset of the running architecture model and another subset
of the new version of the architecture model. These two
subsets are merged to create the new version of the running
architecture model. Our strategy uses a signature-based
model composition [24] to achieve the merging.

The model merging is structured in two phases, the match-
ing phase and the merging phase. In the matching phase,
model elements that are described in different models are
identified. In the merging phase, matched model elements
are merged to create a new model element.

To support automated element matching, each element
is associated with a signature type that determines the
uniqueness of each element. Two elements with equivalent
signatures cannot coexist in a model. Our strategy only
considers the name property of a model element as signature.
In other words, two elements match if they have the same
name property.

The merged model contains the union of the model ele-
ments in the source models; matching elements are included
only once in the merged model. The new version of the
running architecture model in Figure 5 shows an example
of a merge model.

The superimposition operator (®) [14] is used to query
a realization layer to identify which architecture model ele-
ments support a certain feature. The superimposition takes a
feature and returns the set of components and channels that
are related to this feature. By means of the superimposition
operation, it is possible to project a particular feature to the
architecture components.

Our strategy performs the superimposition operation tak-
ing the composed feature model. This operation returns dif-
ferent model elements to support all possible feature model
configurations. These elements are matched and merged as
a result of the composed model.

The resultant models are only a transition. Once our
reconfiguration engine reaches a new configuration, our
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strategy removes the old elements. The final models only
contain elements of the new version. Therefore, the system
can only reach configurations belonging to the new version.

V. VALIDATION OF THE DSPL KNOWLEDGE EVOLUTION
OF THE SMART HOTEL

In this section we aim to show the applicability of our
evolution strategy, by showing that it can support in practice
the evolution of a Smart Hotel DSPL. We do not focus on
computational complexity or scalability because these are
properties that emerge from the choice of expressive power
of the language used to express the variability and the choice
of the reconfiguration loop implementation.

We conducted a validation of our strategy using a Smart
Hotel case study. The Smart Hotel used in the previous
sections to explain our strategy is a subset of the real Smart
Hotel that we used in this validation. This Smart Hotel was
developed previously [14]. The Smart Hotel reconfigures its
services according to changes in the surrounding context. A
hotel room changes its features depending on users activities
to make their stay as pleasant as possible.

According to the feature model, the Smart Hotel presents
thirty-nine features and six cross-tree constraints. The main
concepts of the Smart Hotel DSPL architecture are services,
devices, and the communication channels among them. The
Smart Hotel has thirteen services, twenty devices and thirty-
five channels. That is, the configuration space of the Smart
Hotel has 239 possible configurations.

We defined the experimental design of our study using the
Goal-Question-Metric method (GQM) [25] and its template
[26]. The GQM method was defined as a mechanism for
defining and interpreting a set of operation goals using mea-
surements. In this experiment, our goal was the following:

« Object : Our Smart Hotel DSPL

o Purpose: Validation

o Issue: The applicability of the automatic evolution

strategy

« Context: Evolution of the DSPL architecture variability

knowledge

To fulfill this goal, we focused on answering this research
question: Do the scenarios of our strategy cover the evolution
of the Smart Hotel DSPLs?

Basili [25] and Travassos [27] describe four kinds of
studies: in-vivo, in-vitro, in-virtuo, and in-silico. In our case,
we chose to carry out in-silico experiments, where subjects
and the real world are described as computer models. The
environment was composed entirely of computer models,
with which human interaction was reduced to a minimum.
This offers major advantages regarding the cost and the fea-
sibility of replicating a real-world configuration. In addition,
some scenarios such as fires or floods cannot be replicated
in the real world.

Moreover, we simulated the evolution by means of a
simulation approach for exploring the effects of product line

189



Evolution
Simulator

K Evolved

Running
configuratio

Figure 6. Evaluation Steps.

evolution [28]. The simulator tool allows generating random
models based on product line profiles.

The evolution profiles are Product line refactoring that
leads to the adaptation of existing components or the devel-
opment of new ones, Product placement that changes the
problem space to allow different configurations of the ex-
isting components, without changing them, and Continuous
evolution that is subject to continuous changes in both spaces
by adding/removing components or reorganizing decisions.

We implemented the above evolution profiles in a Evolu-
tion Simulator. This Evolution Simulator is based on Ecore-
mutator [29], which is an EMF-based framework to mutate
EMF models that conform to an Ecore metamodel. In partic-
ular, we implemented custom mutators that, given a model
as input, add, remove or modify model elements according
to each evolution profile. Our Evolution Simulator randomly
chooses which evolution profile of the ones presented in this
section is going to be applied.

Figure 6 shows the steps followed in this evaluation.
The Evolution Simulator takes one version of the models
as input and returns an evolved version of these models.
Next, our evolution strategy performs the DSPL knowledge
evolution. The input for the strategy was the running models
and the new version of the evolved models developed
in the Evolution Simulator. The output of the strategy is
an evolved DSPL knowledge placed on the reconfigurable
system. We performed simulations until all evolution profiles
were covered.

For example, in the first evolution, the Evolution Sim-
ulator took as input the first version of the Smart Hotel
DSPL (239 configurations). The new version of these models
(output of Evolution Simulator) had forty-two features in
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the feature model, fifteen services, twenty-four devices, and
forty-five channels in the architecture model and 2*? poten-
tial configurations in the configuration space. This evolution
profile corresponded to a Continuous evolution because five
new configurations were added, two old configurations were
removed and six of the old ones were modified.

Next, our evolution strategy evolved the models from
the Smart Hotel DSPL. Our strategy took as input the
new version of the models. As the running configuration
was not in the configuration space of the new version of
the models, the evolution was performed by an Evolution
through Reconfigurations. Finally, the Smart Hotel DSPL
could reach 2%2 different configurations with the new version
of the models instead of the 23 configurations that the Smart
Hotel DSPL could reach with the previous models.

A. Scenarios covered by the strategy

After analysing the data obtained from the evolutions,
we obtain that in 1 out of 4 cases of the evolutions, the
running configuration remains in the configuration space of
the new version of the models. The strategy can perform
a direct Update scenario without interrupting the running
configuration.

In 2 out of 3 cases of the evolutions, the running con-
figuration does not belong to the configuration space of the
new version of the models. The strategy is able to find a
way from the running configuration to reach a configuration
that belongs to the configuration space of the new version
of the models. Hence, the strategy performs an Evolution
through Reconfigurations scenario.

However, in 1 out of 10 cases of the evolutions, the
strategy cannot find a way to reach a configuration that
belongs to the configuration space of the new version of the
models. The system cannot be evolved with our automatic
strategy and must be stopped to perform the evolution.

We have observed that the models corresponding to this
1 out of 10 cases that cannot be evolved automatically are
models that differ greatly from each other. The Restarting
scenario is required when none of the old configurations
are retained in the new version of the configuration space.
In a no simulated environment, the evolution of a system
in which all of the configurations change without keeping
at least one old configuration in the new version is very
uncommon. Although it has occurred in an exhaustive sim-
ulation, it means not having in common any of those 23°
configurations between the old and the new version.

B. Threats to Validity

Our validation exhibits some applicability. Regarding the
generalization, our results and findings are based on a single
DSPL in the domain of the Smart Hotels. However, given
the scale and complexity of our Smart Hotel (thirty-nine
features, thirteen services, twenty devices, and thirty-five



channels in the PervML model and 23° possible configura-
tions in the configuration space), we consider our validation
a good starting point representing a realistic case.

Furthermore, the election of the Smart Hotel DSPL for the
validation was motivated because the Smart Hotel adheres
to the the core ideas of DSPLs such as MAPE-K loop
and architecture variability knowledge [1]. Although, the
evolution strategy was validated by means of the Smart hotel,
the ideas of the evolution strategy are general and they can
be applied to other DSLPs which are base on MAPE-K loop
and architecture variability knowledge.

Concerning the evaluation runs, our validation may not
seem sufficient for a continuously operating system. How-
ever, each run covers one complete continuous life-cycle of
the system.

Finally, to ensure the validity of the case study, the
validation was done by a student in his last year of his master
as part of his master’s thesis. The participation of the authors
of the strategy was limited to explaining the operation of
the strategy so that the student could correctly perform the
validation. This student was responsible for developing the
Evolution Simulator and for conducting the validation with
the Smart Hotel case study. Thus, we have achieved that the
validation was independent of the main research.

VI. RELATED WORK

Hallsteinsen et al. [11] develop the MUSIC framework.
MUSIC supports the dynamic addition and removal of
components and service variants, as well as compositions
with their own set of model fragments that describe internal
variability. Their evolution is focused on software by means
of developing new software bundles. However, their evolu-
tion must be performed manually by a software engineer,
while our evolution strategy allows an automatic evolution.

Pascual et al. [30] present an approach that provides sup-
port for the dynamic reconfiguration of mobile applications,
optimizing their architectural configuration according to the
available resources. They model the variability of the ap-
plication’s software architecture using Common Variability
Language (CVL) [16] while we use a feature model and a
Domain Specific Language (DSL) to express the variability.
They evolution is performed thought a genetic algorithm
whilst we develop different operation (i.e., feature model
composition or model merging) for each one of the models.

Perrouin et al. [31] use a MAPE loop to manage another
MAPE loop. Their approach not only adapts the system, it
also adapts both its adaptation mechanism and its adaptation
policies. They define a dynamically reconfigurable adapta-
tion loop. The dynamic reconfiguration of this adaptation
loop is achieved by employing adaptation techniques that
are similar to the ones used to adapt the system itself. They
focus on evolving adaptation rules or reconfiguration scripts,
while we focus our work on DSPL knowledge evolution that
incorporates knowledge from new versions of design-time
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models into run-time models. The combination of the two
approaches may improve current DSPL implementations.

Hussein et al. [32] develop an approach to enable the
run-time evolution of context-aware adaptive services. Their
approach captures a service’s model from three aspects:
functionality, context, and adaptive behaviour. Thus, these
aspects and their relationships can be captured and manipu-
lated at run-time. With this approach, the software engineer
can perform the service’s run-time changes at the modelling
level. However, they compute the differences between the
evolved model and the initial model and generate adaptation
actions. Then, this actions are applied to the service’s run-
time artifacts. We take into account the run-time model and
the run-time configuration to apply our strategy, hence we
only need to perform adaptation action when the running
configuration does not allow the evolution.

Capilla et al. [15] provides an overview of the state of the
art and current techniques that face the challenges of run-
time variability in the context of Dynamic Software Product
Lines. They propose a solution for the automation of changes
in the structural variability (i.e., adding or removing features
at run-time). They use the notion of super-types [33], [34]
while we use the feature model composition. In addition,
they propose some techniques to check the feature model
and the configuration model [21], [35], [36] once they are
modified. These techniques could be applied to our strategy
in the future to ensure that the evolved models are valid.

VII. CONCLUSIONS

This work addresses the knowledge evolution of DSPLs
by means of the configuration space of a DSPL. Specifically,
our evolution strategy distinguishes three main scenarios tak-
ing into account the running configuration. In addition, our
strategy solves the collision between components resulting
from the evolution. Finally, the system evolves automatically
thus enabling the DSPL to reach new configurations.

The proposed automatic evolution strategy is not restricted
to the case study we have chosen to evaluate, it can also be
applied to a wide range of DSPL domains. The ideas of
the evolution strategy can be applied to the most common
infrastructure of DSLPs [1], which combines MAPE-K loop
and architecture variability knowledge.

In this paper, we have validated the benefits of performing
the evolution automatically. The validation of our strategy
in the Smart Hotel DSPL has shown promising results in 9
out of 10 cases, which confirm the potential of applying our
automatic evolution strategy.

In the near future, we would like to explore automatic
evolution in other kinds of systems with other types of vari-
ability management, such as systems that use the Common
Variability Language (CVL) [16]. We plan to investigate an
automatic evolution that covers the maximum number of
possible cases.
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1 Introduction

During software evolution, the existing software of a project undergoes modifica-
tions to satisfy changes. A change may result in either the addition of a new
software function, the removal of a bug or defect, or the improvement of an existing
software functionality. These maintenance and evolution activities take up to 80%
of the lifetime of a system [1]. Software maintainers spend from 50% up to almost
90% of their time trying to understand a program in order to make changes correctly
[2]. One of the key issues to achieve this goal is finding relevant locations to
address the changes.

Bug Location is one of the most important and common activities performed
during software maintenance and evolution [3]. Currently, research efforts in Bug
Location are concerned with identifying software artifacts associated with bug
descriptions. However, most research on Bug Location targets code [4] as the
software artifact that realizes the feature, neglecting other software artifacts such as
models.

In order to locate bugs in code, the most recent code modifications are regarded
as the most relevant. Bug location results depend greatly on the way in which the
modification timespans are weighted. The consideration of timespans is based on
the Defect Localization Principle. This principle is based on the observation that the
most recent modifications to a project are most likely the cause of future bugs [5, 6].
Considering recent project modifications, it is possible to find relevant code for bug
location [7].

We perform Bug Location in Models (BLiM). To do so, we locate the most
relevant model fragments for a particular bug description. Model fragments are
formed by model elements, and each model element has an associated modification
time. When we apply the Defect Principle to model fragments, we have to decide
how to assign a modification time to the model fragment from the modification time
information on its model elements. The contribution of this work is the design,
application for BLiM, and evaluation of four fitness functions regarding modifi-
cation timespan weightings. The weightings are the following: (1) the most recent
model modifications (BLiM-recent), (2) the oldest model modifications
(BLiM-oldest), (3) the mean of the modification timespan of the modified model
elements (BLiM-mean), and (4) the sum of the modification timespan of the
modified model elements (BLiM-sum).

In our evaluation, we have applied our approach to the product models from an
industrial partner, BSH. We compare the results of running our BLiM approach
with the different fitness functions. We measure the results using the standard
information retrieval measurements: recall, precision, and the combination of both
(F-measure) [8, 9]. The outcome shows that the use of the most recent modification
timespan of a model element as the modification timespan of a model fragment
(BLiM-recent) provides the best results, and proves that the approach can be
applied in real world environments. The statistical analysis of the results provides
evidence of their significance.
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The remainder of the paper is structured as follows: in Sect. 2, we present the
Domain Specific Language used by the industrial partner. In Sect. 3, we describe
our BLiM approach. In Sect. 4, we evaluate our approach with the data provided by
the industrial partner. In Sect. 5, we examine the related work of the area. Finally,
we present our conclusions in Sect. 6.

2 Background

The running example and the evaluation of this paper are performed through the
products of the industrial partner, BSH. In this section, we present the Domain
Specific Language (DSL) used by BSH to formalize their products, called IHDSL.
In addition, we present the language used by our approach to formalize the model
fragments, the Common Variability Language (CVL).

The newest Induction Hobs (IHs) feature full cooking surfaces, where dynamic
heating areas are automatically generated and activated or deactivated depending on
the shape, size, and position of the cookware placed on the top. In addition, there
has been an increase in the type of feedback provided to the user while cooking. All
of these changes are being possible at the cost of increasing the complexity of the
software behind IHs.

The Domain Specific Language used by BSH to specify the Induction Hobs
(IHDSL) is composed of 46 meta-classes, 47 references among them, and more
than 180 properties. However, in order to gain legibility and due to intellectual
property right concerns, in this paper we use a simplified subset of the IHDSL (see
left part of Fig. 1, IHDSL Metamodel and IHDSL Syntax).

Product Model of Fig. 1 depicts an example of a product model specified with
the IHDSL. The product model contains four inverters used to power two different
inductors. The upper inductor is powered by a single inverter while the lower
inductor is powered by the combination of three different inverters. Power man-
agers act as hubs to perform the connection between the inverters and the inductors.

To formalize the model fragments used by the approach we use Common
Variability Language (CVL) [10, 11], given its capabilities to formalize a set of
model elements as a model fragment. Right part of Fig. 1 shows an example of a
model fragment of the product model. The model fragment includes the three

[HDSL Metamodel IHDSL syntax Product Model Model Fragment
b O[O | b=
T i |nverter Inductors.
S, | - = By
Provider Power Consumer Povter o——{)
Channel Manager Channel Chamnels | manager >

Fig. 1 THDSL product model and model fragment formalization
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inverters in charge of powering the lower inductor along with the three channels
and the power manager used to aggregate and manage the power provided by those
inverters.

3 Bug Location in Models (BLiM)

This section presents the BLiM approach for bug location. The left part of Fig. 2
shows an example of input for our approach. The approach receives as input a bug
description of the bug that the software engineer wants to locate. Typically, these
descriptions come from textual documentation of a bug report. Therefore, the query
will include some domain specific terms that are similar to those used when
specifying the product models. In addition, the software engineer selects a set of
product models from the entire family of products that include the bug to be
located.

The approach relies on an evolutionary algorithm. The center of Fig. 2 shows a
simplified representation of the main steps. The ‘Initialize Population’ step calcu-
lates an initial population of model fragments from the input set of product models.
This initial population of model fragments is randomly extracted from the product
models. The ‘Genetic Operations’ produce the new generation of model fragments.
First, a selection operation chooses the model fragments that will be used as parents
of the new model fragments. The fitness values are used to ensure that the best
model fragments are chosen as parents. Then, a crossover operation mixes the
model elements of the two parents into a new model fragment. Finally, a mutation
operation introduces variations in the new model fragment, in hopes that it achieves
better fitness values than its parents. The ‘Fitness’ step assigns values that assess
how good each model fragment is in the following terms: bug description and
modification timespan.

As output, the approach provides a list of model fragments that might realize the
bug. The output of BLiM (see the right part of Fig. 2) is a ranking of model
fragments that realize the target bug. The ranking can be ordered following different
criteria, such as the similarity of the model fragments to the bug description, or the
model fragment modification timespans.

Bug Report BLIM Approach Ranked Bug Realizations

¥ Bug Realization | Simiarity Timespan

| o] Initialize Pnpui.mnn] —slGenetic Gperations| =l Fitness ‘ 1
\ J ! ) 8 ! i 0.8 2646

L]
| Model Fragment
Paputation B
1]

Product Models

; 7 2
New hodel
Fragment

Fig. 2 Overview of the Bug Location Approach in Models: BLiM
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3.1 Genetic Operations of the BLiM Approach

The generation of model fragments is performed by applying genetic operators
adapted to work on model fragments. In other words, new fragments are generated
from existing ones through the use of two genetic operators: the crossover operator,
and the mutation operator. We use the crossover and mutation operations presented
in [12].

The crossover operation takes a model fragment from a first parent model and
the whole product model from a second parent model, generating a new individual
that contains elements from both parents and thus preserving the basic mechanics of
the crossover operation.

The mutation possibilities of a given model fragment are driven by its associated
product model. Each model fragment is associated to a product model, and the
model fragment mutates in the context of its associated product model. In other
words, the model fragment will gain or drop some elements, but the resulting model
fragment will still be part of the referenced product model. For more details about
these genetic operations see [12].

3.2 Fitness of the BLiM Approach

In evolutionary algorithms, the fitness step is used to imitate the different degrees of
adaptation to the environment that different individuals have. Following this idea,
our fitness step is used to determine the suitability of each model fragment to the
problem. The input of this step is a population of model fragments, and the pro-
duced output is a set with each model fragment from the input population,
accompanied by two fitness values: similarity to the feature description, and most
recent model fragment modifications.

Model Fragment Similarity to the Bug Description

To assess the relevance of each model fragment in relation to the bug description
provided by the user, we apply methods based on Information Retrieval
(IR) techniques. Specifically, we apply Latent Semantic Analysis (LSA) [13] to
analyze the relationships between the description of the bug provided by the user
and the model fragments. There are many IR techniques, but most research efforts
show better results when applying LSA [14-16].

LSA constructs vector representations of a query and a corpus of text documents
by encoding them as a term-by-document co-occurrence matrix, (i.e., a matrix
where each row corresponds to a term and each column corresponds to a document,
with the last column corresponding to the query). Each cell holds the number of
occurrences of a term (row) inside a document or the query (column). LSA provides
good results when applied to source code [14—16]. We use the LSA technique
applied to models in the same way as [12].
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The documents are text representations of model fragments. The text of the
document corresponds to the names and values of the properties and methods of
each model fragment (e.g. a model element of the class inductor will contain some
properties related to its coil manufacturer and heat potential). The query is con-
structed from the terms that appear in the bug description. If the textual terms used
for the model and the bug description differ too much, the LSA will not work.
Therefore, the text from the documents (model fragments) and the text from the
query (bug description) are homogenized by applying Natural Language Processing
techniques (tokenizing [ 14], Parts-of-Speech Tagging [17], and Lemmatizing [8]) to
eventually reduce this gap. The union of all the words extracted from the documents
(model fragments) and from the query (bug description) are the terms (rows) used
by our LSA fitness.

We normalize and decompose the matrix into a set of vectors using Singular
Value Decomposition (SVD) [13]. One vector that represents the latent semantics
of the document is obtained for each model fragment and for the query. Finally, the
similarities between the query and each model fragment are calculated as the cosine
between the two vectors. The fitness value that is given to each model fragment is
the one that we obtain when we calculate the similarity, obtaining values between
—1 and 1. For more details see [12].

Timespan Weightings

In this proposed fitness step, the modifications of the model over time are taken into
consideration in order to extract the most relevant model for the target bug. In this
section, we define the four timespan weighting functions used in our work.

These functions are based on the timespan between the last modification of a
model element and the usage day. A recently modified model element (i.e. a short
timespan) has a lower timespan value than another model element that was mod-
ified farther in the past. As a model fragment is composed by a set of model
elements the timespan weighting of the model fragment depends on the timespan
weightings of the model elements that compose it.

The timespan is based on the number of days and can therefore be very large
when the model fragment was modified a long time ago. To normalize the times-
pans, mathematical solutions can be used. We used square roots because it has
achieved good results in other works that use time differences [11]. The use of
square root is more suitable and more effective for the proposed approach.

We devised four objective functions to capture the timespan weightings for the
model fragments. Next, we define each of these functions:

The most recent model modifications (recent): this function expresses the con-
cern of capturing primarily the model fragments with the model elements that have
the lowest modification timespans. That is, model elements that have been recently
modified. Then, the value of the model fragment will be the value of the most
recently modified model element. In the example of Fig. 3, the value of the model
fragment is 7 days, that means a square root of 2.646.

The oldest model modifications (oldest). This function expresses the concern of
capturing primarily the model fragments with the model elements that have the
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Product Model 4 ~ Model Fragment

Appreach | Timespan
BLiM-recent 7 days

=1 =
—{ 1=7
£ i
T=92 \T=24— | BLiM-oldest | 92 days
) 7=
=750 =12

BLIM-mean |44.667 days

BLIM-sum 280 days

T : timespan from the last modification in days

Fig. 3 Timespan of the modifications of the model elements of a fragment

highest modification timespans. That is, model elements that have not been mod-
ified for a long time, longer than most other elements. Then, the value of the model
fragment will be the value of the model element less recently modified model
element. In the example of Fig. 3, the value of the model fragment is 92 days, that
means a square root of 9.592.

To avoid taking into account only the extremes (oldest and most recent modi-
fications), we also define these two objective functions:

The mean of the timespan of the modified model elements (mean). This function
expresses the concern of capturing primarily the model fragments with the model
elements that have the lowest mean timespan. Then, the value of the model frag-
ment will be the value of the mean of the timespan of the modified model elements.
In the example of Fig. 3, the value of the model fragment is 46.667 days, that
means a square root of 6.831.

The sum of the timespan of the modified model elements (sum). This function
expresses the concern of capturing primarily the model fragments with the model
elements that have the lowest timespan sum. Then, the value of the model fragment
will be the value of the sum of the timespan of the modified model elements. In the
example of Fig. 3, the value of the model fragment is 280 days, that means a square
root of 16.733.

4 Evaluation: Bug Location in BSH

This section presents the evaluation of our approach: the experimental setup, a
description of the case study where we applied the evaluation, the obtained results,
the performed statistical analysis, and the threats to validity. To evaluate the
approach, we applied it to an industrial case study from our partner, BSH: a leading
manufacturer of home appliances in Europe.
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4.1 Experimental Setup

The goal of this experiment is the evaluation of the different timespan weighting
objective functions as fitness for our BLiM approach. In addition, we compare the
BLiM approach with a baseline [18]. The baseline is the approach used in BSH for
bug location. It is an evolutionary algorithm guided by textual similarity, however
the baseline does not take into account the modification timespan of the model
elements. Although it was designed having a more general purpose in mind
(Feature Location), it is the best they have for Bug Location in Models.

To evaluate our BLiM approach with the different objective functions
(BLiM-recent, BLiM-oldest, BLiM-mean, and BLiM-sum) and the baseline
approach, we run each of the approaches and obtain a ranking of model fragments
that we can compare with an oracle in order to check accuracy. The inputs of the
evaluation process, which are the product family, and bug reports, were provided by
BSH.

The oracle is the ground truth, and is used to compare the results provided by the
BLiM approach and the baseline. To prepare the oracle, BSH provided us with the
bug reports that have occurred in the product models. These bug reports contain
natural language bug descriptions and the approved bug realizations. In said bug
reports, each bug description is mapped to a single model fragment. A Model
fragment is a subset of elements of a model, specified with the model fragment
formalization capacities of the CVL [10]. In other words, for each bug, we know
which is the associated model fragment that implements it.

The baseline approach is a Single-Objective Evolutionary Algorithm (SOEA),
whereas BLiM is Multi-Objective Evolutionary Algorithm (MOEA). The works in
[19] shows that common MOEA measures such as hypervolume [20] are not
necessarily suitable for comparing solutions by MOEAs (our BLiM approach) with
solutions by SOEAs (baseline in this work). Therefore, in order to compare the
baseline approach with BLiM, we first take the best solution of the baseline
approach for its single-objective (the similarity with the bug description), and then
we take the best solution of BLiM with regard to the objective of the baseline
approach (the similarity with the bug description), as described in [19]. Finally,
these solutions are compared to the bug realization of the oracle in order to get a
confusion matrix.

A confusion matrix is a table that is often used to describe the performance of a
classification model (in this case both BLiM-X and the baseline) on a set of test data
(the solutions) for which the true values are known (from the oracle). In our case,
each solution outputted by the approaches is a model fragment composed of a
subset of the model elements that are part of the product model (where the bug is
being located). Since the granularity is at the level of model elements, each model
element presence or absence is considered as a classification. The confusion matrix
distinguishes between the predicted values and the real values classifying them into
four categories:

205



206

On the Influence of Modification Timespan Weightings ... 177

True Positive (TP): values that are predicted as true (in the solution) and are true in
the real scenario (the oracle).

False Positive (FP): values that are predicted as true (in the solution) but are false in
the real scenario (the oracle).

True Negative (TN): values that are predicted as false (in the solution) and are false
in the real scenario (the oracle).

False Negative (FN): values that are predicted as false (in the solution) but are true
in the real scenario (the oracle).

Then, some performance measurements are derived from the values in the
confusion matrix. In particular, we create a report including three performance
measurements (recall, precision, and F-measure), for each of the test cases for both
BLiM-X and the baseline.

Recall measures the number of elements of the solution that are correctly
retrieved by the proposed solution and is defined as follows:

P

Recall = ——
TP+ FN

(1)

Precision measures the number of elements from the solution that are correct
according to the ground truth (the oracle) and is defined as follows:

TP

TP+ FP @)

Precision =

F-measure corresponds to the harmonic mean of precision and recall and is
defined as follows:

Precision x Recall 2% TP

F-measure = 2 x — =
Preecision + Recall 2 TP+ FP+ FN

3)

Recall values can range between 0% (which means that no single model element
from the realization of the bug obtained from the oracle is present in any of the
model fragments of the solution) to 100% (which means that all the model elements
from the oracle are present in the solution).

Precision values can range between 0% (which means that no single model
fragment from the solution is present in the realization of the bug obtained from the
oracle) and 100% (which means that all the model fragments from the solution are
present in the bug realization from the oracle). A value of 100% precision and
100% recall implies that both the solution and the bug realization from the oracle
are the same.

The approach has been implemented within the Eclipse environment. We used
the Eclipse Modeling Framework [21] to manipulate the models and CVL to
manage the model fragments. The evolutionary algorithm was built using the
Watchmaker Framework for evolutionary Computation [22], which allowed us to
implement our own genetic operators. The IR techniques that were used to process
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the language were implemented using OpenNLP [23] and the English (Porter2)
[24]. The LSI was implemented using the Efficient Java Matrix Library [6].

4.2 Case Study

The case study where we applied our evaluation process is the Induction Hob
Product Family of BSH (already presented in Sect. 2 as the running example). The
oracle is composed of 46 induction hob models, which are on average composed of
more than 500 elements. BSH provided us with documentation of 37 bug reports
and the approved bug realizations. For each of the 37 bugs, we created a test case
that includes the set of product models where that bug was manifested and a bug
description, both obtained from the documentation.

For this case study, we executed 30 independent runs for each of the 37 test
cases for BLiM with all the different timespan weightings, and with the baseline (as
suggested by [25]), i.e., 37 (bugs) x 5 (approaches) x 30 repetitions = 5550
independent runs.

4.3 Results

In this section, we present the results obtained by both BLiM (with the four fitness
functions) and by the baseline approach, for the case study. The 5550 fragments
obtained in the executions (one fragment obtained in each execution) had an
average size of 52 model elements. Each model element has appeared at least one
time in the model fragments.

Table 1 shows the mean values of recall, precision and F-measure of the graphs
for both BLiM-X (with the four fitness functions) and the baseline, for the case
study. BLiM-recent obtains the best results in recall and precision, providing an
average value of 79.10% in recall and 73.26% in precision. The next best results are
obtained by BLiM-mean, providing an average value of 71.43% in recall and
64.91% in precision. The third best values are obtained by BLiM-sum, providing an
average value of 60.61% in recall and 45.69% in precision. BLiM-oldest obtains the
worst value in precision, 27.99%, while the baseline approach obtains the worst

Table 1 Mean values and standard deviations for Recall, Precision and F-measure

BLiM-recent BLiM-oldest BLiM-mean BLiM-sum Baseline
Recall £ ¢ 79.10 £ 11.75 51.21 £ 12.58 7143 £ 11.18 60.61 + 11.56 44.25 + 14.79
Precision £ ¢ 73.26 + 9.44 27.99 + 7.74 6491 £+ 9.57 45.69 + 12.45 29.04 £ 9.47
F-measure + o 76.07 £+ 8.34 36.20 + 7.46 68.02 + 7.54 52.10 + 8.26 35.07 £+ 9.00
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value in recall, 44.25%. In terms of recall and precision, BLiM-recent outperforms
the rest of the approaches.

From the results, we can see that there are some bugs (around 24% on average)
that are not properly located by the approach. This happens because the fitness
function that guides the search is not giving high fitness values to the model
fragments realizing those bugs. This can happen due to differences between the
language used in the bug descriptions and the product models, or in cases where
there are few differences in the modification timespan among the different model
fragments.

4.4 Statistical Analysis

To properly compare our BLiM approach (with the four fitness functions) and the
baseline approach, all of the data resulting from the empirical analysis was analyzed
using statistical methods following the guidelines in [25]. The goals of our statis-
tical analysis are: (1) to provide formal and quantitative evidence (statistical sig-
nificance) that BLiM-recent does in fact have an impact on the comparison metrics
(i.e., that the differences in the results were not obtained by mere chance); and (2) to
show that those differences are significant in practice (effect size).

Statistical significance

To enable statistical analysis, all of the algorithms should be run a large enough
number of times (in an independent way) to collect information on the probability
distribution for each algorithm. A statistical test should then be run to assess
whether there is enough empirical evidence to claim (with a high level of confi-
dence) that there is a difference between two algorithms (e.g. A is better than B). In
order to do this, two hypotheses, the null hypothesis Hy and the alternative
hypothesis H; are defined. The null hypothesis Hy is typically defined to state that
there is no difference among the algorithms, whereas the alternative hypothesis H,
states that at least one algorithm differs from another. In such a case, a statistical test
aims to verify whether the null hypothesis Hy should be rejected.

The statistical tests provide a probability value, p-value. The p-value obtains
values between 0 and 1. The lower the p-value of a test, the more likely that the null
hypothesis is false. It is accepted by the research community that a p-value under
0.05 is statistically significant [25], and so the hypothesis Hy can be considered
false.

The test that we must follow depends on the properties of the data. Since our
data does not follow a normal distribution in general, our analysis requires the use
of non-parametric techniques. There are several tests for analyzing this kind of data;
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Table 2 Holm’s post hoc p-value and A, statistic for each pair of algorithms

L. Arcega et al.

Holm’s A,

Recall Precision Recall Precision
Recent versus oldest 4 x 10712 <2 x 10710 0.9437546 1
Recent versus mean 0.0434 0.019 0.6775018 0.7319211
Recent versus sum 1.1 x10°° 7.6 x 10710 0.8699781 0.9466764
Recent versus baseline <2 x 10710 <2 x 10716 0.9656684 1
Oldest versus mean 5.8 x 1077 <2 x 10716 0.1278305 0
Oldest versus sum 0.0416 1.4 x 107 0.2885318 0.1022644
Oldest versus baseline 0.0527 0.939 0.6449963 0.4598247
Mean versus sum 0.0078 9.1 x 107? 0.7465303 0.8663258
Mean versus baseline 2.7 x 10711 <2 x 10710 0.9181885 1
Sum versus baseline 8.7 x 1073 1.3x10°° 0.7991234 0.8363769

however, the Quade test shows that it is the most powerful when working with real
data [26]. In addition, according to Conover [27], the Quade test is the one that has
shown the best results when the number of algorithms is low (no more than 4 or 5
algorithms).

The p-value obtained in the test are <2 x 107'¢ for recall and precision, the
statistics value obtained are 32.628 and 62.196 for recall and precision respectively.
Since the p-value are smaller than 0.05 for recall and precision, we reject the null
hypothesis. Consequently, we can state that there exist differences among the
algorithms (BLiM-recent, BLiM-oldest, BLiM-mean, BLiM-sum, and the baseline)
for the performance indicators of recall and precision.

However, with the Quade test, we cannot answer the following question: Which
of the algorithms gives the best performance? In this case, the performance of each
algorithm should be individually compared against all other alternatives. In order to
do this, we perform an additional post hoc analysis. This kind of analysis performs
a pair-wise comparison among the results of each algorithm, determining whether
statistically significant differences exist among the results of a specific pair of
algorithms.

Table 2 shows the p-value of Holm’s post hoc analysis for the case study and the
performance indicators for the five algorithms (BLiM-recent, BLiM-oldest,
BLiM-mean, BLiM-sum, and the baseline). The majority of the p-value shown in
this table are smaller than their corresponding significance threshold value (0.05),
indicating that the differences of performance between the algorithms are signifi-
cant. However, when comparing BLiM-oldest and the baseline (seventh row), the
values are greater than the threshold, indicating that the differences between those
algorithms could be due to the stochastic nature of the algorithms and are not
significant.
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Effect size

When comparing algorithms with a large enough number of runs, statistically
significant differences can be obtained even if they are so small as to be of no
practical value [25]. Then it is important to assess if an algorithm is statistically
better than another and to assess the magnitude of the improvement. Effect size
measures are needed to analyze this.

For a non-parametric effect size measure, we use Vargha and Delaney’s A 5 [20,
26]. A, measures the probability that running one algorithm yields higher values
than running another algorithm. If the two algorithms are equivalent, then A, will
be equal to 0.5.

For example, Ay, = 0.7 means that we would obtain better results in 70% of the
runs with the first algorithm of the pair that have been compared, and A, = 0.3
means that we would obtain better results in 70% of the runs with the second
algorithm of the pair that have been compared. Thus, we have an A, value for
every pair of algorithms.

Table 2 shows the values of the size effect statistics. In general, the largest
differences were obtained between BLiM-recent and the baseline, where
BLiM-recent achieves better recall than the baseline 96% of the times and better
precision almost all the times. When comparing BLiM-recent and BLiM-mean the
differences are not so big, with BLiM-recent outperforming BLiM-mean in recall
67% of the times and in precision 73% of the times.

BLiM-recent obtained the best performance results among the five evaluated
approaches (see Table 1). The performed statistical analysis indicated that
BLiM-recent outperforms the rest of the approaches in terms of recall and precision
(around 70% of the times when compared to BLiM-mean, 90% of the times when
compared to BLiM-sum and almost all the times when compared to BLiM-oldest
and the baseline). Overall, these results confirm that the use of BLiM-recent against
the baseline approach has an actual impact.

4.5 Threats to Validity

In this section, we present some of the threats to the validity of our work. We follow
the guidelines suggested by de Oliveira et al. [28] to identify those applicable to this
work.

Conclusion validity threats: To address the not accounting for random variation
threat, we considered 30 independent runs for each bug with each algorithm. As we
used the approach that BSH uses for bug location as a comparison baseline, the lack
of a meaningful comparison baseline threat is addressed. In this paper we employed
standard statistical analysis following accepted guidelines [25] to avoid the lack of a
formal hypothesis and statistical tests threat. For avoid the lack of a good
descriptive analysis threat, we have used the precision, recall, and F-measure
measurements to analyze the confusion matrix obtained from the experiments;
however, other measurements could be applied.
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Internal validity threats: To address the poor parameter settings threat, we used
standard values for the algorithms. As suggested by Arcuri and Fraser [25], default
values are good enough to measure the performance of location techniques in the
context of testing. Nevertheless, we plan to evaluate all the parameters of our
algorithm in a future work. As we have evaluated our work in an industrial case
study the lack of real problem instances threat is addressed.

Construct validity threats: To address the lack of assessing the validity of cost
measures threat, we performed a fair comparison among BLiM-X and the baseline
by generating the same number of model fragments and using the same number of
fitness evaluations.

External validity threats: The lack of a clear object selection strategy and the
lack of evaluations for instances of growing size and complexity threats are
addressed by using an industrial case study, BSH. Our instances are collected from
real world problems. In addition, regarding the generalization of our approach, the
set of models where the bugs have to be located are conforming to MOF (the OMG
metalanguage for defining modeling languages), and the bug reports must be
provided using natural language. Then, our evaluation does not rely on the par-
ticular conditions of our domain. Nevertheless, the evaluation should be replicated
in other domains before assuring their generalization.

5 Related Work

Saha et al. [15] presented BLUIR, which uses a baseline “TF.IDF model”. They
believe that code constructs improve the accuracy of bug localization. They syn-
tactically parse the source code into four document fields: class, method, variable,
and comment. The summary and the description of a bug report are considered as
two query fields. Textual similarities are computed for each of the eight-document
field-query field pairs and then summed up into an overall ranking measure. Kim
et al. [29] propose both a one-phase and a two-phase prediction model to recom-
mend files to fix. In the one-phase model, they create features from textual infor-
mation and metadata of bug reports, apply Naive Bayes to train the model using
previously fixed files as classification labels, and then use the trained model to
assign multiple source files to a bug report. In the two-phase model, they first apply
their one-phase model to classify a new bug report as either “predictable” or “de-
ficient”, and then make predictions only for “predictable” reports. Unlike us, all of
these approaches do not take into account the modification timespan of the retrieved
source locations. Furthermore, these approaches target code while our approach
targets models to locate the bug realizations.

Zamani et al. [30] proposed an approach that included weighting and ranking the
source code locations based on both the textual similarity with a change request and
the use of the time metadata. This approach gives better results than IR techniques.
However, their approach is applied at the source code level, while we use a
Multi-Objective Evolutionary Algorithm to address the location of bugs in models.
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In addition, other approaches use genetic algorithms to locate features in models,
Fontet al. [12, 18] propose two approaches to locate features in a model. However,
these works do not take into account the modification timespan of the model
elements. Our work, in contrast, is focused on searching bug realizations, hence, the
timespan weighting is an important piece of the approach in order to obtain accurate
results.

6 Conclusion

Bug Location is a significant maintenance activity. In this paper, we have proposed
four approaches for bug location in models (BLiM-recent, BLiM-oldest,
BLiM-mean, BLiM-sum) and compared them with a baseline. Our BLiM-X
approaches, in order to guide our bug location evolutionary algorithm, consider:
(1) the similitude to the bug description, and (2) the modification timespan
weightings of the models.

We evaluate which approach produces better results in terms of precision, recall
and F-measure. To do so, we applied the five approaches in an industrial domain,
BSH, that has a model based product family (firmware of Induction Hobs). We
report our evaluation, including: experimental setup, results, statistical analysis, and
threats to validity.

The results show that the application of the Defect Localization Principle that
has achieved good results in bug location in code leads to a significant improvement
when it has applied to bug location in models compared to the baseline approach.
The findings of our work are:

e The application of the Defect Localization Principle using the most recent
modification timespan of a model element (BLiM-recent) provides the best
results in our study.

e Results also show that our approach can be applied in real world environments.
Nevertheless, we need further experiments that involve the final users of our
approach in order assure that can be applied in all real world environments.

In addition, this work presents a statistical analysis of the results. This analysis
provides evidence of the significance of results obtained, and we can state that they
were not obtained by mere chance.
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1 INTRODUCTION

Model-Driven Engineering (MDE) is being applied in an ever in-
creasing manner to cope with the complexity of software systems
by raising the level of abstraction [23]. Models at runtime [6] is
defined as a causally connected self-representation of the associated
system that emphasizes the structure, behavior, or goals of the sys-
tem from a problem space perspective [7]. A recent survey [36] has
classified the objective of the use of models at runtime in the fol-
lowing categories: adaptation [27, 35], monitoring, simulation and
prediction [12, 16, 24], abstraction and platform independence [38],
consistency and conformance [2], policy checking and enforcement
[34], and error handling [10].

Software is becoming increasingly complex, and systems with
models at runtime are not an exception. Unfortunately, an increase
in complexity is accompanied by an increase in the appearance
of software bugs. Hence, software maintenance is becoming more
and more important. Lehman et al. [19] pointed out that up to 80%
of the lifetime of a system is spent on maintenance and evolution
activities. Software maintainers spend from 50% up to almost 90%
of their time trying to understand a program to make changes
correctly.

In a system with models at runtime, the models experience re-
configurations at runtime due to context changes, being these re-
configurations a source of bugs. A recent Search-Based Software
Engineering survey [40] reveals that none of the Bug Location ap-
proaches take in account the bugs caused by the reconfigurations
of a models at runtime system.

Our work is focused on locating bugs that appear as the result
of dynamic reconfigurations of the system due to context changes.
In this paper, we present an approach for bug localization in the
reconfigurations that occur in runtime models called EBRo. We
materialize our approach for bug localization in reconfigurations
through an evolutionary algorithm. The solutions provided by our
approach are sequences of reconfigurations that, when followed,
might lead to the model at runtime which contains the located bug.

The evolutionary algorithm is guided by a fitness function that
considers the similarity to the description of the bug report. To
measure the textual similarity, we start from an initial model at run-
time to which we apply a sequence of reconfigurations, obtaining
another model in which we evaluate whether the modified elements
are similar with the description of the bug. As a result, software
engineers obtain a ranked list of sequences of reconfigurations,
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Figure 1: IHDSL metamodel, syntax, and product model

intended to identify the reconfiguration rules that are relevant to
the bug.

We have applied our approach to the industrial domains of BSH
and CAF. BSH is one of the larges manufacturers of home appliances
in Europe. Its induction division has been producing induction
hobs under the brands of Bosch and Siemens for the last 15 years.
CAF produces a family of Programmable Logic Controller (PLC)
software to manage the trains they manufacture, which has been
under development for more than 25 years. The firmware from
both industries is specified by means of Domain Specific Languages.
The firmware of the products is generated from the DSL models
and uses models at runtime to change the configuration when their
products are in operation.

In our evaluation, we compare our approach with a baseline
approach. Since there are no specific baselines for bug localization
in reconfigurations of models at runtime, we use as a baseline the
approach used by BSH and CAF for bug localization. In addition,
we compare our approach with a random search approach (RS) as
sanity check. We apply our EBRo approach, the baseline approach
and the RS approach to the product families of BSH and CAF. They
provided us with documentation about bugs. For each bug, the
documentation provided a bug description, the reconfigurations
that trigger the bug and the localization of the bug. Taking the bug
descriptions, the set of reconfigurations, and an initial model of the
product family as input, and the reconfigurations that trigger the
bug and the location of the bugs as oracle (ground truth), we mea-
sure the results in terms of the standard measurements accepted by
the software engineering community: recall, precision, F-measure
(the combination of both recall and precision), and Matthews Cor-
relation Coefficient (MCC) [25, 33].

EBRo performed better than the other algorithms in terms of the
four measured performance indicators. On average, up to 78.72% of
the reconfigurations that were expected to trigger the bugs being
located (according to the oracle) were found when EBRo was used
(up to 66.84% for the baseline, and 38.42% for the random search
approach). It turns out that the genetic operations performed by
the EBRo approach with the fitness function are able to properly
traverse search spaces originated when locating bugs over runtime
reconfigurations of the system.

The remainder of the paper is structured as follows. In Section
2, we present the Domain Specific Language used by one of our
industrial partner. In Section 3, we explain the motivation for bug
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Figure 2: Induction Hob at runtime

localization in reconfiguration rules. In Section 4, we describe our
bug localization approach. In Section 5, we evaluate the application
of our approach in BSH and CAF. In Section 6, we examine the
related work of the area. Finally, we present our conclusions in
Section 7.

2 BACKGROUND

In this section, we present the Domain Specific Language (DSL)
that is used by BSH to formalize their products and the models at
runtime of the induction hobs to which we apply our approach.

The newest Induction Hobs (IHs) ! feature full cooking surfaces,
where dynamic heating areas are automatically generated and acti-
vated or deactivated depending on the shape, size, and position of
the cookware placed on the top. These dynamic areas are managed
at runtime by calculating the resulting model after the changes in
the context of the IH.

The Domain Specific Language used by our industrial partner
to specify the Induction Hobs (IHDSL) is composed of 46 meta-
classes, 47 references among them, and more than 180 properties.
For legibility reasons and due to intellectual property right concerns,
in this section, we show a simplified subset of the IHDSL (see Fig. 1,
[HDSL Metamodel and IHDSL Syntax). However, the evaluation was
performed using the full IHDSL that is used in BSH. The Product
Model in Figure 1 depicts an example of a product model that is
specified with the THDSL.

Inverters are in charge of transforming the electric supply to
match the specific requirements of the IH. Then, the energy is trans-
ferred to the inductors through the channels. There can be several
alternative channels, which enable different heating strategies de-
pending on the cookware placed on top of the IH at runtime. The
path followed by the energy through the channels is controlled by
the power manager. Inductors are the elements where the energy
is transformed into an electromagnetic field.

Figure 2 shows the behavior of an Induction Hob at runtime
2. The IH is turned on in an initial configuration with a known
model. In the face of changes in the context (CCs in Figure 2), re-
configurations (Rs in Figure 2) are triggered in order to change the
configuration of the IH. Then, the Induction Hob is in a different
configuration and therefore in a different model (Model Configu-
rations in Figure 2). Some examples of relevant context changes
include putting a pot on top, the pot reaches the set temperature,
the pot is moved to other place on the IH, or liquid spills from the
pot onto the surface. The reconfigurations activate or deactivate
inductors and inverters and connect them through channels.

! https://www.youtube.com/watch?v=HjZ_nB-TY7w
Zhttps://www.youtube.com/watch?v=Gp6urUZZbek
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Figure 3: Example of a context change, a bugged reconfigu-
ration and the reconfiguration rules performed

3 MOTIVATION

Figure 3 shows a reconfiguration that occurs in the Induction Hobs
of BSH. In the initial configuration, the Induction Hob has two
pots on top, heated through two inductors. The upper inductor is
powered with one inverter and the bottom inductor is powered
with three inverters. When a bigger pot is placed in the upper
inductor, the Induction Hob reconfigures itself. Another inductor
is activated ('R1°), and more energy is needed to heat the pot ('R2’).
Therefore, the second inverter should give power to the upper
inductors. However, the second inverter is not disconnected from
the bottom power group (see the cross in Figure 3). This situation
causes a bug, because when the user changes the power level of
the upper inductors, the same power level will be applied to the
bottom inductors, and vice versa. This bug was solved by modifying
the reconfiguration rule 'R2’ so that in addition to redirecting the
power of the inverter, the inverter is also disconnected from the
previous power group (see expected final configuration in Figure
3).

While the system is in use, any reconfiguration can be activated
atany time. An Induction Hob can have a useful life of more than ten
years, so the number of different combinations of reconfigurations
that can be triggered is very high. In addition, some commercial
Induction Hobs can have up to 48 inductors that dynamically con-
nect and disconnect from the inverters. This Induction Hob has
2*8 possibilities for activating or deactivating the inductors, beside
differences in activation and deactivation orders. In addition, in-
ductors and inverters are not the only dynamic components of the
Induction Hob. Since the search space is too large, it is impossible
to explore the space of possibilities exhaustively. Therefore, we use
an evolutionary algorithm to locate bugs in the reconfiguration
rules.

4 BUG LOCALIZATION IN
RECONFIGURATION RULES

This section describes how the issue of bug localization in the
reconfigurations of runtime models can be addressed by using
our evolutionary algorithm, and the principles of our proposed
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method. Therefore, we first present an overview of our approach
and, subsequently, provide the details of the approach and our
adaptation of the evolutionary algorithm.

4.1 Approach Overview

The general structure of our approach (EBRo) is introduced in
Figure 4. The goal of EBROo is to obtain a ranked list of sequences of
reconfigurations rules from a given list of reconfiguration rules that
may trigger the bug specified by the bug description. Our EBRo
approach takes the following inputs:

e A set of reconfiguration rules that describe the changes in
the model at runtime. The reconfiguration rules are triggered
by context changes.

An initial model which is the model that specifies the ini-
tial configuration. In our case, the configuration when the
induction hob is turned on.

A bug description of the target bug, using natural language.
Typically, the description comes from textual documenta-
tion of a bug report. Therefore, the query will include some
domain specific terms that are similar to those used when

specifying the reconfiguration rules and the models. The
knowledge of the engineers about the domain and the recon-
figuration rules and the models will be useful for selecting
the description from the bug report.

The output of EBRo (see Figure 4) is an ordered set of reconfigu-
ration sequences that might trigger the target bug. The ranking is
ordered following the similarity to the bug description. The search
space for our approach is determined not only by the number of
triggered reconfigurations, but also by the order in which they are
applied. To explore the search space, EBRo uses an evolutionary

Reconfiguration Initial Bug
Rules Model Description

~The induction hob
crashes when the user
puts a pot that covers the
master and slave inductors
and selects the highest
power level ...

|

Y

EBRo: Evolutionary algorithm
for Bug localization in Reconfigurations of
models at runtime

l

Ranked Reconfiguration Sequences

Reconfig. Chain | Similarity

R2-R15-R6 0.9
R2-R7-R5 0.8

Figure 4: Input and output of our bug localization in recon-
figurations of models at runtime
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algorithm that enables the exploration of a large number of possible
reconfigurations. The evolutionary algorithm and its adaptation to
the bug localization problem are described in the following sections.

4.2 Adapting the Evolutionary Algorithm for
Bug Localization in Reconfigurations of
Models at Runtime

Evolutionary algorithms are inspired by Darwin’s evolutionary the-
ory, where a population of individuals is modified through crossover
and mutation operators [9]. Hence, to develop an evolutionary al-
gorithm, the following elements have to be defined:

e Representation of the individuals.

e Evaluation of the individuals using a fitness function for
each objective to determine a quantitative measure of their
ability to solve the problem under consideration.

o Selection of the individuals to transmit from one generation
to another.

o Creation of new individuals using genetic operators (crossover
and mutation) to explore the search space.

The following paragraphs describe the design of these elements
for our evolutionary algorithm for bug localization in reconfigura-
tions of models at runtime.

4.2.1 Individual representation. To represent a candidate solu-
tion (individual), we used a vector representation. Each vector’s
dimension represents a reconfiguration rule. Thus, a solution is de-
fined as a sequence of reconfigurations applied to a model. The size
of the solution represents the number of reconfigurations (dimen-
sions) in the vector. When created, the order of the reconfigurations
corresponds to their positions in the vector.

R1: newChannelForDoubleInductor(upperPowerGroup, secondaryInductor)

R21: redirectPowerFromInverter(secondInverter,upperPowerGroup)

R3: activatePowerFromInverter(secondInverter)

Figure 5: Representation of an individual

An example of an individual is given in Figure 5. This individual
contains three dimensions that correspond to three reconfigurations
applied to the initial model. For instance, the predicate newChan-
nelForDoubleInductor(upperPowerGroup, secondarylInductor) means
that a new channel is created in the upper power group, connecting
it with the secondary inductor.

4.2.2  Fitness function. After creating a solution, it should be
assessed using a fitness function. The fitness function quantifies
the quality of the proposed reconfiguration sequence. In our work,
we use an information retrieval technique called Latent Semantic
Indexing (LSI). Our algorithm assesses the relevance of each recon-
figuration sequence in relation to the bug description provided by
the user. The input of this step is a set of reconfiguration sequences,
and the output is the set of reconfiguration sequences, where each
reconfiguration sequence has been assigned with a fitness value
regarding its similarity to the bug description.

Lorena Arcega, Jaime Font, and Carlos Cetina

To assess the relevance of each reconfiguration sequence in rela-
tion to the bug description provided by the user, we apply methods
based on Information Retrieval (IR) techniques. Specifically, we
apply Latent Semantic Indexing (LSI) [20, 32] to analyze the re-
lationships between the description of the bug provided by the
user and the reconfiguration sequences. There are many IR tech-
niques, but most of the efforts show better results when applying
LSI [20, 30, 32], specially when working with source code. Models
are representations at a higher abstraction level than the source
code, and the language used to build them is closer to the bug
description language; therefore, we expect it to work better than
when applied to source code.

Initial model
configuration

D0 | | o
O 1, »
*

\
\Fitness \
\

Reconfiguration Model after applying the
r ation

Bug description

\ provider

channel

~..The induction hob limit
crashes when the user manager
puts a pot that covers the 's’;z”s'ty
master and slave inductors name

and selects the highest
power level ...

slave

Figure 6: Terms extraction from a reconfiguration sequence

LSI constructs vector representations of a query and a corpus
of text documents by encoding them as a term by document co-
occurrence matrix, (i.e., a matrix where each row corresponds to
terms and each column corresponds to documents, with the last
column corresponding to the query). Each cell holds the number
of occurrences of a term (row) inside a document or the query
(column).

Figure 6 shows how we extract the texts needed to use LSL
First, we apply the reconfiguration sequence to the initial model
configuration. After applying it, we obtain a new model from which
we extract the model elements that have been modified by the
reconfigurations. In Figure 6, the modified model elements are the
ones in bold. The texts for the LSI documents are the names and
values of the properties and methods of each model element.

In our work, the LSI documents are model elements, i.e., a docu-
ment of text is generated from the text of the model elements that
have been modified by the reconfiguration. The query is constructed
from the text that appears in the bug description. If the terms used
for the model elements and the bug description differ too much, the
LST will not work. Therefore, the text from the documents (model
elements) and the text from the query (bug description) are ho-
mogenized by applying well-known Natural Language Processing
techniques (tokenizing, Parts-of-Speech Tagging, and Lemmatiz-
ing) to reduce this gap. If the languages used differ too much, other
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techniques such as manual annotation of the model elements could
be applied at the expense of increasing the effort.

The union of all the keywords extracted from the documents
(model elements) and from the query (bug description) are the
terms (rows) used by our LSI fitness. Each column is one of the
model elements that have been modified by the reconfiguration.
The last column is the query obtained from the bug description of
the user. Each row is one of the terms extracted from the corpuses
of text composed by all of the model elements and the query itself.
Each cell has the number of occurrences of each of the terms in the
model elements.

Once the matrix is built, we normalize and decompose it into a
set of vectors using a matrix factorization technique called Singular
Value Decomposition (SVD) [18]. One vector that represents the
latent semantics of the document is obtained for each model frag-
ment and the query. Finally, the similarities between the query and
each model fragment are calculated as the cosine between the two
vectors. The fitness value that is given to each model fragment is
the one that we obtain when we calculate the similarity, obtaining
values between -1 and 1.

4.2.3 Selection. To select individuals, we use stochastic univer-
sal sampling (SUS) [5]. This technique of selection of an individual
is directly proportional to its relative fitness in the population. SUS
is a random selection algorithm which gives a higher probability of
selection to the fittest solutions while still giving a chance to every
solution.

In each iteration of the algorithm, SUS is used to select indi-
viduals from the population (Pp) for the next generation of the
population (Py+1). The selected individuals will be the ones that
generate the next individuals using genetic operations.

4.24  Genetic operators. To better explore the search space, the
crossover and mutation operators are defined:

e Crossover: we use a single, random, cut-point crossover. It
starts by selecting and splitting at random two parent solu-
tions. When two parent individuals are selected, a random
cut point is determined to split them into two sub-vectors.
Then, the crossover creates two child solutions by putting,
for the first child, the first part of the first parent with the
second part of the second parent, and, for the second child,
the first part of the second parent with the second part of
the first parent.

Each solution has a length limit in terms of number of re-
configurations. When applying the crossover operator, the
new solution may have the minimum length between the
two parents. Then, the crossover operator must enforce the
length limit constraint by eliminating some reconfiguration
rules.

Figure 7 shows an example of applying the crossover op-
erator. In this example, Parent 1 (P;) and Parent 2 (P;) are
combined to generate two new solutions. The upper sub-
vector of Py is combined with the bottom sub-vector of P, to
form Child 1, and the bottom sub-vector of P; is combined
with the upper sub-vector of P, to form Child 2.

Mutation: This operator consists of randomly changing one
or more reconfigurations in the vector of reconfigurations.
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Parent 1 Child 1 Child 1
R1 R1 R1
R21 R5 R12

Mutation
R3 R16 R16

Parent2 Crossover ., Child 2
R14 R14 R2
R5 R21 R21

Mutation
R16 R3 R6

Figure 7: Crossover and mutation operators applied to recon-
figurations

Given an individual, the mutation operator first randomly
selects some positions in the vector representation of the
individual. Then, the selected dimensions are replaced by
other reconfiguration rules.

Figure 7 shows an example of applying the mutation operator.
In Child 1, the mutation operator replaces dimension number
two (R5 by R12), while in Child 2, the mutation operator
replaces dimensions number one and three (R14 and R3 by
R2 and Ro).

When creating the sequence of reconfigurations, we do not guar-
antee that they are feasible and that they can be applied. However,
this could be solved by applying some repair operations that are
out of the scope of this paper.

As aresult, new reconfiguration sequences are created. In other
words, the new reconfiguration sequences represent other possible
solutions that can trigger the bug for the specific bug being located.

Overall, the aim of the approach is to find the most relevant
reconfiguration sequence that triggers the bug described by the
bug report. To do so, the algorithm of EBRo performs a search
guided by a fitness function. This search is done among the different
reconfiguration sequences (previously obtained by applying the
mutation and crossover operations) that could conform to the bug
description.

5 EVALUATION

This section presents the evaluation of our approach: the oracle
preparation, the experimental setup, the description of the case
studies where we applied the evaluation, the obtained results, the
statistical analysis, the discussion of the results, and the threats to
the validity of our work.
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To evaluate the approach, we applied it to two long-living in-
dustrial case studies from two of our partners: BSH, the leading
manufacturer of home appliances in Europe; and CAF, an interna-
tional provider of railway solutions all over the world.

5.1 Oracle preparation

The oracle is the ground truth and is used to compare the results
provided by the EBRo approach, the baseline, and a random search
(RS) that works as sanity check. The baseline is the approach used by
our industrial partner for bug localization [14]. A bug can be seen as
an unwanted functionality, and a feature represents a functionality.
For this reason, the feature localization approach presented in Font
et. al [14] can be used for bug localization. Even though it was
designed with a more general purpose in mind (feature localization),
said approach is the best bug localization technique available to
our industrial partner.

To prepare the oracle, our industrial partner provided us with
the bug reports associated to bugs that have occurred in the product
models. These bug reports contain natural language bug descrip-
tions, the approved reconfigurations that trigger the target bugs
and the model fragments that contain the bugs.

5.2 Experimental setup

This experiment evaluates whether or not the information found in
the reconfiguration sequences improves the bug localization results.
In addition, we compare the EBRo approach with the baseline [14]
and with a random search (RS) sanity check. If RS outperforms an
intelligent search method, we can conclude that there is no need to
use a metaheuristic search.

The inputs of the evaluation process provided by our industrial
partner are the models of the induction hobs, the entire set of recon-
figuration rules, and the bug reports. The models, reconfiguration
rules, and bug descriptions are used to run the EBRo and RS ap-
proaches, while the models and descriptions are used to run the
baseline approach. We run each of the approaches and obtain a
ranking of solutions that we can compare with an oracle in order
to check accuracy. From the EBRo and RS approaches, we obtain
reconfiguration sequences as solutions while from the baseline, we
obtain model fragments as solutions.

Therefore, in order to compare the baseline and RS approaches
against EBRo, we take the best solutions from the three approaches
and compare them to the actual solution (from the oracle) that
contains the trigger of the target bug in order to get a confusion
matrix.

A confusion matrix is a table that is often used to describe the
performance of a classification model (in this case, EBRo, the base-
line, and RS) on a set of test data (the solutions) for which the true
values are known (from the oracles). In our case, each solution
that is output by the EBRo and the RS approaches is a sequence of
reconfigurations composed of a subset of reconfigurations that are
present in the sequence that triggers the bug. Since the granularity
will be at the level of reconfigurations, the presence or absence of
each reconfiguration rule will be considered as a classification. In
the same way, each solution outputted by the baseline approach is
a model fragment composed of a subset of the model elements that
are present in the product model (where the bug is being located).
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Since the granularity will be at the level of model elements, the
presence or absence of each model element will be considered as a
classification. Therefore, our confusion matrices will distinguish
between two values: TRUE (presence), and FALSE (absence).

The comparison process contrasts a result from one of the eval-
uated approaches with the ground truth from the oracle. We obtain
a confusion matrix for each of the solutions predicted by each of
the approaches. The confusion matrix arranges the results of the
comparison into four categories:

e True positive (TP): an element present in the predicted solu-
tions that is also present in the actual solution,

e True Negative (TN): an element not present in the predicted
solution that is not present in the actual solution,

o False Positive (FP): an element present in the predicted solu-
tion that is not present in the actual solution, and

o False Negative (FN): an element not present in the predicted
solution that is present in the actual solution.

The confusion matrix holds the results of the comparison be-
tween the predicted results and the actual results. The result of
the sum of all the categories (TP+TN+FP+FN) is the number of
dimensions (n) of the vector that contains the predicted solution.
However, in order to evaluate the performance of the approach,
it is necessary to extract some measurements from the confusion
matrix. Therefore, some performance measurements are derived
from the values in the confusion matrix. Specifically, we create a
report that includes four performance measurements (recall, preci-
sion, F-measure, and MCC) for each of the test cases for EBRo, the
baseline, and the RS approach.

Recall measures the number of elements of the solution that
are correctly retrieved by the proposed solution and is defined as

follows:
TP

Recall = ————
A= TP EN

1)
Precision measures the number of elements from the solution
that are correct according to the ground truth (the oracle) and is
defined as follows:
TP

Precision = ———
TP + FP

@

F-measure corresponds to the harmonic mean of precision and
recall and is defined as follows:
Precision * Recall

F— =2% — 3
measure Precision + Recall ®

Recall values can range between 0% (i.e., no single element from
the actual solution is present in the predicted solution) to 100%
(i.e., all the elements from the actual solution are present in the
predicted solution).

Precision values can range between 0% (i.e., no single element
from the predicted solution is present in the actual solution) to
100% (i.e., all the element from the predicted solution are present
in the actual solution). A value of 100% precision and 100% recall
implies that both the predicted solution and the actual solution are
the same.

However, none of these measures correctly handle negative ex-
amples (TN). MCC is a correlation coefficient between the observed
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Figure 8: Mean recall and precision for EBRo, the baseline and the RS approaches in BSH and CAF

and predicted binary classifications that takes into account all of the
observed values (TP, TN, FP, FN). MCC is a balanced measure which
can be used even if the search space and the predicted solution are
of very different sizes [8]. For this reason, MCC is one of the best
measures for describing a confusion matrix [31]. It is defined as
follows:

TP« TN — FP « FN

- (TP + FP)(TP + FN)(TN + FP)(TN + FN)

mce

5.3 Case studies

5.3.1 BSH. The first case study where we apply our evaluation
process is BSH (already presented in Section 2). The oracle is com-
posed of 46 induction hob models and its revisions over time where,
on average, each product model is composed of more than 500 ele-
ments. Our industrial partner provided us with documentation of 37
bug reports, the approved reconfiguration sequences that triggers
the bugs and the model fragments that contain the bugs. For each
of the 37 bugs, we created a test case that includes the initial model,
the set of reconfiguration rules and the model fragment where that
bug was manifested and a bug description, all obtained from the
documentation.
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For this case study, we executed 30 independent runs for each
of the 37 test cases for each approach (as suggested by [4]), i.e., 37
(bugs) * 3 (approaches) * 30 repetitions = 3330 independent runs.

5.3.2  CAF. The second case study where we apply our evalu-
ation process is CAF. Their trains can be seen all over the world
and in different forms (regular trains, subway, light rail, monorail,
etc.). A train unit is furnished with multiple pieces of equipment
through its vehicles and cabins. These pieces of equipment are of-
ten designed and manufactured by different providers, and their
aim is to carry out specific tasks for the train. Some examples of
these devices are: the traction equipment, the compressors that feed
the brakes, the pantograph that harvests power from the overhead
wires, or the circuit breaker that isolates or connects the electri-
cal circuits of the train. The control software of the train unit is
in charge of making all the equipment cooperate to achieve the
train functionality while guaranteeing compliance with the specific
regulations of each country.

The DSL of our industrial partner has the required expressiveness
to describe the interaction between the main pieces of equipment
installed in a train unit and their reconfigurations at runtime. Ex-
amples of reconfigurations at runtime can be coupling (when two
trains are coupled together to increase the transport capacity or to
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rescue a train that is damaged) or converter assistance (allow the
passing of current from one converter to equipment assigned to its
peers in case of system overload or failure).

Again, we extract an oracle that is composed of 23 trains (and
its revisions over time) where each product model is composed
of more than 1200 elements on average. They provided us with
documentation of 56 bug reports, the approved reconfiguration
sequences that triggers the bugs and the model fragments that
contain the bugs. For each of the 56 bugs, we created a test case
that includes the initial model, the set of reconfiguration rules and
the model fragment where that bug was manifested and a bug
description, all obtained from the documentation.

For this case study, we executed 30 independent runs for each
of the 56 test cases for each approach (as suggested by [4]), i.e., 56
(bugs) * 3 (approaches) * 30 repetitions = 5040 independent runs.

5.4 Results

In this section, we present the results obtained for each case study
in EBRo, the baseline and the RS. Figure 8 shows the charts with
the recall and precision results for the industrial domain of BSH
(left column) and CAF (right column). A dot in a graph represents
the average result of precision and recall for each bug (37 bugs in
BSH and 56 bugs in CAF) for the 30 repetitions. The first row of
charts shows the results of EBRo, the second row of charts shows
the results of the baseline approach, and the third row of charts
shows the results of the RS approach.

Table 1: Mean values and standard deviations for precision,
recall, F-Measure and MCC for each approach and each case
study

EBRo Baseline RS
Recall + (o) 83.40 +14.28 72,51 +14.07 35.19 + 4.30

% Precision + (0)  78.20 + 9.41 63.34 £ 9.95 40.22 + 6.52
A F-measure + (0)  79.96 + 9.33 66.43 £ 7.47  37.05 + 3.07
MCC = (0) 0.78 £ 0.10 0.63 £ 0.08 0.31 £ 0.04
Recall + (o)  80.12 + 8.22 70.94 £ 9.52  41.87 £ 5.66
: Precision + (o)  76.35 + 12.14  65.55 + 11.26  38.81 + 6.64
O F-measure + (o) 77.49 + 7.81 67.26 £7.37 39.79 + 4.44
MCC £ (o)  0.75+0.08 0.64 +0.08 0.33 +0.05

Table 1 shows the mean values of recall, precision, F-measure,
and MCC for the EBRo, baseline, and RS approaches in each case
study. The EBRo approach obtains the best results in recall, preci-
sion, and MCC, providing an average value of 83.40% in BSH and
80.12% in CAF in recall, 78.20% in BSH and 76.35% in CAF in pre-
cision, and 0.78 in BSH and 0.75 in CAF in MCC. The second best
results are obtained by the baseline, providing an average value
of 72.51% in BSH and 70.94% in CAF in recall, 63.34% in BSH and
65.55% in CAF in precision, and 0.63 in BSH and 0.64 in CAF in
MCC. The RS approach provided an average value of 35.19% in
BSH and 41.87% in CAF in recall, 40.22% in BSH and 38.81% in CAF
in precision, and 0.31 in BSH and 0.33 in CAF in MCC. In terms
of recall, precision, and MCC, EBRo outperforms the rest of the
approaches.
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5.5 Statistical Analysis

Statistically significant differences can be obtained even if they are
so small as to be of no practical value [4]. The goals of our statistical
analysis are: (1) to provide formal and quantitative evidence (sta-
tistical significance) that EBRo does in fact have an impact on the
comparison metrics (i.e., that the differences in the results were not
obtained by mere chance); and (2) to show that those differences
are significant in practice (effect size).

5.5.1 Statistical significance. Since our data does not follow a
normal distribution in general, our analysis requires the use of
non-parametric techniques. The Quade test shows that it is more
powerful than the others when working with real data [15]. This
tests provide a probability value, p — Value. The p — Value obtains
values between 0 and 1. It is accepted by the research community
that a p — Value under 0.05 is statistically significant [4]. The p —
Values obtained in the test are well below 0.05. Consequently, we
can state that there are significant differences among the algorithms
for the four performance indicators.

In addition, we perform a post hoc analysis. This kind of anal-
ysis performs a pair-wise comparison among the results of each
algorithm, determining whether statistically significant differences
exist among the results of a specific pair of algorithms. Specifically,
we apply the Holm’s Post Hoc analysis, as suggested by Garcia et
al. [15].

Table 2: The p — Values of Holm’s post hoc analysis for each
pair of algorithms and each case study

EBRo vs Baseline EBRo vs RS Baseline vs RS

= Recall 0.022 1.1x1071 1.7x10710
& Precision 2.9x1077 < 2.2x10716 5.2x10710
MCC 2.9x1078 «<2.2x1071%  3.0x10710
. Recall 3.8x107° <2.2x107'¢  9.2x1071°
S Precision 3.0x107° < 2.2x10710 1.2x10714
McC 1.4x10710 < 2.2x10710 Ldx10714

Table 2 shows the p — Values of Holm’s post hoc analysis. All
of the p — Values shown in this table are smaller than their cor-
responding significance threshold value (0.05), indicating that the
differences in performance between the algorithms are significant.

5.5.2  Effect size. For a non-parametric effect size measure, we
use Vargha and Delaney’s A1z [37]. A1 measures the probability
that running one approach yields higher values than running an-
other approach. If the two approaches are equivalent, then Ay, will
be 0.5.

Table 3 shows the values of the size effect statistics. The largest
differences were obtained between EBRo and the RS approach,
where EBRo achieves better results all of the times. When compar-
ing EBRo and the baseline, the differences are not so large, with
EBRo achieving better results in around 80% of the times. EBRo
obtained the best performance results among the three evaluated
approaches (see Table 1).

The performed statistical analysis indicated that EBRo outper-
forms the rest of the approaches in terms of recall, precision, and
MCC. Overall, these results confirm that the use of EBRo against
the baseline and the RS approaches has an actual impact.
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Table 3: The Ay, statistic for each pair of algorithms and each
case study

EBRo vs Baseline EBRo vs RS  Baseline vs RS

= Recall 0.7166 1 1

a Precision 0.8524 1 0.9912
MCC 0.8703 1 1

. Recall 0.7548 1 1

S Precision 0.7411 1 0.9825
MCC 0.8324 1 0.9992

5.6 Discussion

Our results confirm that the EBRo and the baseline approaches
are better than random search based on the four metrics (recall,
precision, F-measure, and MCC) on both the BSH and CAF case
studies. Through this study, we concluded that there is empirical
evidence to support the significance of the results of our algorithm.
Thus, an intelligent algorithm is required to find good solutions to
perform bug localization in reconfigurations of models at runtime.

In addition, the solutions obtained with the EBRo approach are
better than the ones obtained with the baseline approach. The
search space with the EBRo approach is driven by the reconfigura-
tions, as it happens at runtime. While the baseline explores a much
larger search space, any model conforms to the metamodel, and
does not take into account the runtime reconfigurations.

However, the EBRo and baseline approaches are complementary.
In the real world, before locating a bug, in most cases we do not
know if the reconfigurations are the source of the bug for sure.
Faced with a new bug, our recommendation is to start searching
with EBRo, since EBRo not only obtains the configuration of the
model where the bug occurs, but also provides the sequence of
reconfigurations that leads to that particular configuration. In case
the results obtained by EBRo are not useful, the baseline can be
launched, since it explores a larger solution space than EBRo.

We realized that none of the approaches obtain a perfect solu-
tion. One of the issues that we detected that cause this outcome is
the vocabulary mismatch. That means that for a specific concept,
the terms used in the bug description are different from the terms
used in the models. Nevertheless, this issue could be solved by
augmenting the Natural Language Processing (NLP) with a dictio-
nary of synonyms. In the same way, we have also detected cases in
which in-house terms are used. Therefore, the regular dictionary
of synonyms would not work in this case. This suggests that the
dictionary of synonyms should be refined by domain engineers
to include in-house terms. Another issue occurs when a bug de-
scription is incomplete. Omitting words in the bug descriptions
negatively influences the fitness value of textual similarity since the
fitness value of textual similarity is based on the co-occurrence of
terms. This suggests that we must make the engineers aware of this
issue. They should know that in cases in which the results obtained
do not have enough quality, they can reformulate the descriptions
of the bugs making the implicit knowledge explicit.

In addition, some solutions are invalid sequences of reconfig-
urations that, theoretically, are not going to take place since the
necessary context changes can never occur. In our future work,
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we will study the introduction of crossover and mutation opera-
tors that, by construction, do not generate invalid sequences. We
will also study a repair operation for invalid sequences. Although
we are interested in the influence of narrowing the search space,
we believe that we must maintain the possibility of generating
sequences of theoretically invalid reconfigurations. For instance,
induction hobs are sold all over the world and sometimes they are
used in unforeseen ways, causing extremely unlikely sequences of
reconfigurations to end up happening. These otherwise impossible
reconfigurations are potential sources of bugs.

Results suggest that there is a relationship between the use of
models at runtime and the quality of the solutions. The results are
better the more you have specified the reconfigurations using the
models at runtime. That is, the fewer flow control operators (e.g.,
ifs) and auxiliary variables are used to reconfigure, the better. This
finding suggests that the models at runtime pay off when doing
bug localization. However, the finding must be taken cautiously,
since our evaluation was not designed to verify the influence of
models at runtime on the quality of the solutions, but to compare
the performance of different approaches in the location of bugs in
the reconfigurations of models at runtime.

Finally, we have applied our EBRo approach to two real industrial
cases, BSH and CAF, which are from very different domains. In
both scenarios we have obtained quality results. Hence, the findings
suggest that EBRo does not rely on the domain, since results depend
on the reconfigurations themselves.

5.7 Threats to Validity

In this section, we present some of the threats to validity. We follow
the guidelines suggested by De Oliveira et. al [11] to identify those
that are applicable to this work.

Conclusion validity threats: We have identified three threats of
this type. To address the not accounting for random variation threat,
we considered 30 independent runs for each bug with each al-
gorithm. In this paper we employed standard statistical analysis
following accepted guidelines [4] to avoid the lack of formal hypoth-
esis and statistical tests threat. To address the lack of good descriptive
analysis threat, we have used precision, recall, F-measure and MCC
metrics to analyze the confusion matrix obtained from the experi-
ments; however, other metrics could be applied. In addition, some
works argument that the use of the Vargha and Delaney A12 metric
can be miss-representative [28] and that the data should be pre-
transformed before applying them. We did not find any use case
for data pre-transformation that applies to our case study.

Internal validity threats: We have identified two threats of this
type. In this paper, we used standard values for the algorithms to
avoid the poor parameter settings threat. These values have been
tested in similar algorithms for feature localization [22]. In addition,
the choice of the k value in the application of SVD can produce
suboptimal accuracy when using LSI for software artifacts [29].
However, we plan to evaluate all of the parameters of our algorithm
in a future work. The evaluation of this paper was applied to two
industrial case studies from two of our partners, BSH and CAF,
hence the lack of real problem instances threat is addressed.

Construct validity threats: We have identified one threat of this
type. To address the lack of assessing the validity of cost measures
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threat, we performed a fair comparison among EBRo, the baseline
and the random approaches by generating the same number of
reconfiguration sequences and using the same number of fitness
evaluations.

External validity threats: We have identified two threats of this
type. The lack of a clear object selection strategy and lack of eval-
uations for instances of growing size and complexity threats are
addressed by using two industrial case studies from two of our part-
ners, BSH and CAF. Our instances are collected from real-world
problems. In addition we have two different domains (induction
hobs and trains) with different size and complexity.

6 RELATED WORK

In recent years, the research efforts in Search-Based Software Engi-
neering (SBSE) in models at runtime are increasing.

McKinley et al. [26] applied SBSE to address uncertainty in adap-
tive systems. They integrated evolutionary computation into the
development and runtime support of high-assurance, self-adaptive
software. Their approach starts with requirements and moves through
reconfigurable designs at runtime. Their work has been validated
using experiments conducted in the context of robotics.

Andrade and de A Macédo [1] have proposed a search-based
approach for domain-independent representation of design spaces.
Their approach (DuSE-MT) capture the most prominent design
dimensions, their associated variation points, and the architecture
changes requires to realize each solution. Their solutions are evalu-
ated in terms of four quality metrics related to self-adaptation.

Williams et al. [39] presented a model-driven approach for adapt-
ing to dynamic runtime environments using metaheuristic opti-
mization techniques. The metaheuristics exploit metamodels that
capture the important components in the adaptation process. They
contextualize the approach using an example and analyze different
ways of applying the metaheuristic algorithms for discovering an
optimal model of the case study’s environment.

All of the above works present approaches that combine SBSE
and models at runtime. However, these research efforts are focused
on finding the optimal reconfigurations. In contrast, our work is
focused on localizing bugs appearing as the result of dynamic re-
configurations of the system due to context changes.

In addition, there are other SBSE approaches for feature local-
ization in models that, although not designed to locate bugs, could
potentially be applied to that extent.

Lopez-Herrejon et al. [22] evaluate three standard search-based
techniques with three objective functions in order to calculate the
relationships of a feature model. Their results are slightly better for
hill climbing than for the evolutionary algorithm, but they are not
statistically significant when the first two objective functions are
applied.

Harman et al. [17] performed a survey on the topic of search-
based software engineering applied to Software Product Lines
(SPLs). They present an overview of recent articles that are classified
according to themes such as configuration, testing, or architectural
improvement. Lopez-Herrejon et al. [21] performed a preliminary
systematic mapping study at the connection of search-based soft-
ware engineering and SPL. They categorized the articles using a
known framework for SPL development.
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Font et al. [13, 14] propose two approaches that use evolutionary
algorithms to locate features in a model. They introduce a genetic
operator for mutation that can work with a single model fragment
and a crossover operator that combines two different product mod-
els. The results show that the use of a genetic algorithm allows
the approach to provide accurate location of features in spite of
inaccurate information on the part of the user.

In contrast to our work, all these feature location works only
take into account the design time models.

In our previous work [3], we analyzed the influence of several
timespan weightings on bug localization in models. We evaluated
four timespan weightings: the most recent model modifications, the
oldest model modifications, the mean of the modification timespan
of the modified model elements, and the sum of the modification
timespan of the modified model elements. The results showed that
the use of the most recent timespan model modifications provides
the best results in bug localization. In contrast to our previous
works, our approach now takes into account the reconfigurations
of models at run-time that can trigger the bug. Our future work
includes the introduction of timespan weightings to improve the
bug localization in the reconfigurations of models at runtime.

7 CONCLUSIONS

Bug localization is a significant maintenance activity and in a sys-
tem with models at runtime, the reconfigurations that the model
undergoes at runtime due to context changes can also be a source
of bugs. In this paper, we have proposed an approach for bug local-
ization in the reconfigurations of models at runtime (EBRo). Our
approach is based on search-based software engineering, iterat-
ing on the reconfigurations search space using an evolutionary
algorithm.

We evaluated our EBRo approach in two industrial case studies,
BSH (firmware of induction hobs) and CAF (control software of
trains), and compared it with the approach that they are using for
bug localization and with a random search as sanity check. We
determined which approach produces the best results in terms of
precision, recall, F-measure, and MCC. To do this, we applied the
approaches in BSH and CAF.

Results show that the study of the reconfiguration of models
at runtime pays off for bug localization. Specifically, our EBRo ap-
proach outperforms the baseline and the random search approaches
in terms of precision, recall, and MCC, reaching average precision
and recall values of about 80% in BSH and 77% in CAF. Furthermore,
results also suggest that our approach can be applied in real world
environments. Finally, the statistical analysis of the results provides
evidence of their significance.
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Abstract

Bug localization is a common task in software engineering, especially when maintaining and evolving software products. This
paper introduces a bug localization approach that, in contrast to existing source code approaches, takes advantage of domain
information found in the model and the metamodel. Throughout this paper, we present an approach for bug localization in
models (BLiM2) that applies the source code ideas for bug localization (textual similarity to the bug description and the Defect
Localization Principle) and takes advantage of the domain information from the model and the metamodel. We evaluated our
approach in BSH, a real-world industrial case study in the induction hob domain measuring the results in terms of recall,
precision, the combination of both the F-measure and the Matthews correlation coefficient. Our study shows that our BLiM2
approach, which combines information from the model and the metamodel for the textual similarity and differentiates between
the timespan from the model and metamodel, provides the best results in this work. We also performed a statistical analysis
to provide evidence of the significance of the results. The values obtained show that there exist significant differences in the
performance of the best BLiM2 approach with the approach used by our industrial partner. Finally, the effect size statistics

reveals that the best BLIM2 approach obtains better results in the 78% of the times in the worst case.

Keywords Bug localization - Model-driven engineering - Reverse engineering

1 Introduction

Nowadays, software exists in almost everything. This trend
has been accompanied by a high increase in the scale and the
complexity of software. Unfortunately, this is also accompa-
nied by more software bugs. Hence, software maintenance is
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becoming increasingly important. Lehman et al. [33] pointed
out that up to 80% of the lifetime of a system is spent on main-
tenance and evolution activities. Software maintainers spend
from 50% up to almost 90% of their time trying to understand
a program in order to make changes correctly.

Bug localization is one of the most important and common
activities performed by developers during software mainte-
nance and evolution. Bug localization aims to identify the
location in the artifact that is pertinent to a software fault.
A recent survey [61] reveals that none of the bug localiza-
tion approaches take into account models as the source of
the bugs. In the model paradigm, models can play several
roles in software development: diagrams for analysis can be
reverse-engineered from source code, or can be used for code
generation. In this work, we focus on models for code gener-
ation. When models are used for code generation, addressing
bugs at the model level must not be neglected.

In the case of bug localization in source code, approaches
are based mainly on information retrieval [50,65]. Some
works [54,62] also take into account the Defect Localiza-
tion Principle. This principle is based on the observation that
the most recent modifications to a project are most likely
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the cause of future bugs [23,66]. Taking into account recent
modification may lead to finding relevant locations that are
the cause of a bug [54].

In this paper, we propose an approach for bug localization
inmodels. This approach enables us to evaluate to what extent
the ideas that have been successfully applied in source code
for bug localization (textual similarity to the bug description
and the Defect Localization Principle) also work for models.
Our approach takes into account a property of the models that
is not present in source code, namely the domain information
embedded in models and metamodels.

In our approach, information retrieval is used to measure
the similarity of model fragments with the description of
the bug report that we want to locate. Model fragments are
formed by model elements, and each model element has
an associated modification time. The Defect Localization
Principle is measured through the timespan weighting that
assesses the model fragment solutions using the timespan of
the model modifications.

‘We materialize our bug localization approach as a multi-
objective evolutionary algorithm that uses both the similarity
to the bug report and the timespan weighting as fitness func-
tions. Our approach is, in fact, a family of approaches. We
can change from one of our approach to another by changing
how we use the information of the models and the metamod-
els with which we measure the similarity and the timespan.
As aresult, software engineers obtain a ranked list of model
fragments from the model, which is intended to identify the
parts of the model that are relevant to the bug.

‘We have applied our approach to the product models from
BSH, one of the largest manufacturers of home appliances
in Europe. Its induction division has been producing induc-
tion hobs under the brands of Bosch and Siemens for the last
15 years. The firmware that controls the induction hobs is
specified by means of a domain-specific language (IHDSL).
The different configurations of the induction hobs are man-
aged following a model-based software product line (SPL)
approach that uses common variability language (CVL) [24]
to configure their models. The firmware of their products is
generated from the IHDSL models.

In our evaluation, we compare our bug localization
approach, which uses model and metamodel information
(BLiM2), with a baseline approach. The baseline approach is
used by BSH for bug localization. We apply both the BLiM2
approach and the baseline to the product family of BSH. They
provided us with documentation about bugs. For each one of
the bugs, the documentation provided a bug description and
the localization of the bug. Taking the bug descriptions and
the product family as input, we measure the results using the
standard measurements accepted by the software engineer-
ing community: recall, precision, the combination of both the
F-measure, and the Matthews correlation coefficient (MCC)
[40,51] using the location of the bugs as oracle.
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The variant BLiM2-30T of our approach achieves the best
results. It has three objectives in the fitness function: one that
combines information from the model and the metamodel
for text similarity; one that takes into account the modifica-
tion timespan of the model; and one that takes into account
the modification timespan of the metamodel. The results in
terms of recall, precision, and MCC, on average are 90.30%,
79.66%, and 0.83, respectively. Finally, we perform a statis-
tical analysis on the results in order to provide quantitative
evidence of the impact of both the BLiM2 approach and the
baseline approach and to show that this impact is significant.

The remainder of the paper is structured as follows. In
Sect. 2, we present the domain-specific language used by
our industrial partner and the differences between feature
localization and bug localization. In Sect. 3, we describe our
BLiM2 approach. In Sect. 4, we evaluate the application of
our approach in BSH. In Sect. 5, we examine the related work
of the area. Finally, we present our conclusions in Sect. 6.

2 Background

The running example and the evaluation in this paper are per-
formed using the products of our industrial partner, BSH. In
this section, we present the domain-specific language (DSL)
that is used by BSH to formalize their products, which is
called IHDSL. The common variability language (CVL) is
also presented. CVL is the language used by our approach to
formalize the model fragments.

The newest induction hobs (IHs) feature full cooking
surfaces, where dynamic heating areas are automatically gen-
erated and activated or deactivated depending on the shape,
size, and position of the cookware placed on the top. In
addition, there has been an increase in the type of feedback
provided to the user while cooking. All of these changes have
been made possible at the expense of increasing the complex-
ity of the software behind IHs.

The domain-specific language used by our industrial part-
ner to specify the induction hobs (IHDSL) is composed of 46
meta-classes, 47 references among them, and more than 180
properties. To gain legibility and due to intellectual property
right concerns, in this section, we show a simplified subset
of the IHDSL (see Fig. 1, IHDSL metamodel and IHDSL
syntax). However, the evaluation was performed using the
full IHDSL that is used in BSH.

Inverters are in charge of transforming the input electric
supply to match the specific requirements of the IH. Then, the
energy is transferred to the inductors through the channels.
There can be several alternative channels, which enable dif-
ferent heating strategies depending on the cookware placed
on top of the IH at runtime. The path followed by the energy
through the channels is controlled by the power manager.
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Fig.1 IHDSL metamodel

Invert Induction
nverter Hob
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Fig.2 IHDSL syntax, product

model, and model fragment Product Model
formalization

Model Fragment
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Inductors are the elements where the energy is transformed
into an electromagnetic field.

The product model in Fig. 2 depicts an example of a prod-
uct model that is specified with the IHDSL. The product
model contains four inverters that are used to power two dif-
ferent inductors. The upper inductor is powered by a single
inverter, while the lower inductor is powered by the com-
bination of three different inverters. Power managers act as
hubs to perform the connection between the inverters and the
inductors.

To formalize the solution of our approach as model frag-
ments, we use common variability language (CVL) [24,55],
due to its capabilities to formalize a set of model elements
as amodel fragment. The model fragment in Fig. 2 shows an
example of a model fragment of the product model (the prod-
uct model in Fig. 2). The model fragment includes the three
inverters (in charge of powering the lower inductor), the three
channels, and the power manager that is used to aggregate
and manage the power provided by those inverters. Then, the
solution of our approach is formalized by means of CVL and
shown to the engineers.

In addition, to address the evolution of the metamodel,
our industrial partner uses the variable metamodel strategy
(VMM) [17]. This strategy has achieved better results than
the migration strategy in domains like that of our industrial
partner, BSH, in terms of indirection, automation, and trust
leak.

2.1 Differences between feature and bug
localization

In software systems, a feature represents a functionality that
is defined by requirements and is accessible to developers and
users. Software maintenance and evolution involve adding
new features to programs, improving existing functionali-
ties, and removing bugs, which is analogous to removing
unwanted functionalities [14].

Bug localization is a specialization of feature localization.
In the end, the software engineer obtains a piece of software
that is in charge of some functionality in the system with
either of the approaches. However, if we want to perform
bug localization, we must take into account different partic-
ularities than if we want to perform feature localization. For
example, the Defect Localization Principle can be applied to
bug localization but not to feature localization.

Our previous approach [19] was developed for feature
localization. It uses an evolutionary algorithm that iterates
through the models of the system and assesses each one of the
possible solutions. In the end, the software engineer obtains
an ordered set of model fragments that fits the feature.

In this work, we adapt our feature localization approach
[19] to obtain better solutions in bug localization. We use the
same operations to iterate through the models; however, this
approach has a new fitness function. The feature localization
approach assesses each model fragment regarding textual
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Product Model 4

Product Model 4

Bug Report 324

change to
improve
perfornmance

Title: The slave inductor in

double hotplate crashes
bug

Description: ... The induction
appears

hob crashes when the user puts
a pot that covers the master
and slave inductors and selects

the highest power level ...

Fig.3 Example of a bug

similarity with the feature description. In addition to the tex-
tual similarity, this approach adds a fitness function that is
specific for use with bugs. This fitness function exploits the
timespan since the last modification.

Another difference is that our BLiM2 approach takes into
account a property that is specific to the models. It uses the
domain information embedded in the model and the meta-
model. In other words, to assess each model fragment, our
approach takes information from both model and metamodel
(text for measure textual similarity and timespan for measure
the last modification). Nevertheless, the use of the domain
information embedded in the metamodel is not specific for
bug localization, it could be applied to feature localization.

In this way, we convert the generic feature localization
approach into a bug localization approach. This approach is a
specialization of our previous feature localization approach.
With our previous feature localization approach, users can
locate features and bugs. In fact, the software engineers of
BSH use our feature localization approach to locate bugs. The
new specific bug localization approach exploits the timespan
dimension of the last modifications, which is only relevant
in bug localization.

3 The BLiM2 approach

Figure 3 shows an example of the use of our approach. The
product model that appears on the left of the timeline is
modified to make an improvement in the performance of its
inductors. As a result, another product model is generated.
This product model has a new power manager that connects
the small inductor with the rest of the inverters. After some
time of use, a bug appears and a bug report is generated. In
the reminder of this paper, the timespan between the change
and the creation of the bug report is called the modification
timespan.

We materialize our BLiM2 approach as a multi-objective
evolutionary algorithm that uses both the similarity to the
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and the creation of the bug report

bug description and the modification timespan. The use of
a multi-objective algorithm allows to show the results of
both objectives (similarity and modification timespan). The
effectiveness of each objective is different for each bug local-
ization. Sometimes the similarity will be more successful to
find the model fragment that contains the bug and sometimes
the timespan is the more successful.

The objective of bug localization in models is to obtain a
set of model fragments from a given set of models that may
correspond to a specific bug description being provided by
the user of the approach. To do this, the approach receives
a set of models and relies on an evolutionary algorithm that
iterates a set of model fragments and evolves them using
genetic operations. The evolutionary algorithm is guided by
a fitness operation. As output, the approach provides a list of
model fragments that should contain the bug. The overview
of the process is shown in Fig. 4.

The left part of Fig. 4 shows the inputs used in our
approach. The input is composed of a set of models, a meta-
model, and a bug description:

— A set of product models that contain the target bug. The
software engineer selects a set of product models from
the entire family of products that contain the bug to be
located.

— A metamodel to which the models of the product family
conform.

— A bug description of the target bug, using natural lan-
guage. Typically, these descriptions come from textual
documentation of a bug report. Therefore, the query will
include some domain-specific terms that are similar to
those used when specifying the product models. The
knowledge of the engineers about the domain and the
product models will be useful for selecting the descrip-
tion from the bug report.

The right part of Fig. 4 shows the main steps of our
approach.
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Fig.4 Overview of the bug localization approach in models: BLiM2

— The initialize population step calculates an initial set of
model fragments from the input set of product models.
This initial set of model fragments is randomly extracted
from the product models. This is a common practice in
evolutionary computation; as an alternative, seeds (frag-
ments of amodel chosen manually) can be proportionated
in order to optimize the population, although that is out
of the scope of this work.

— The genetic operations generate the new generation of
model fragments. First, a selection operation selects the
model fragments that will be used as parents of the new
model fragments. The fitness values (see Sect. 3.2) are
used to ensure that the best model fragments are chosen
as parents. Then, a crossover operation mixes the model
elements of the two parents into a new model fragment.
Finally, a mutation operation introduces variations in the
new model fragment (by adding or removing model ele-
ments) in hopes that the new model fragment achieves
better fitness values than its parents.

— The fitness step assigns values that assess how good each
model fragment is. The values will take into account the
following terms:

— Bug description: The more terms shared between the
bug description and the properties of the model frag-

232

ment (from the model and the metamodel), the higher
this fitness value.

— Modification timespan: The more recent the modifi-
cation time, the higher this fitness value is. The times-
pan is calculated based on the difference between the
last modification of a model element (in the model or
in the metamodel) and the day on which the bug was
discovered (see Fig. 3).

The output of BLiM2 (see Fig. 4) is an ordered set of model
fragments that contains the target bug. The software engineer
obtains this set of model fragments, which is intended to
identify the parts of the model that are relevant to the bug. To
do so, the engineer can order the ranking following different
criteria depending on the variant of the approach used, such
as the similarity to the bug description, and the most recent
model fragment modifications.

Overall, the aim of the approach is to find the most rele-
vant model fragment that contains the bug described by the
bug report. To do so, the approach performs a search guided
by a fitness function. This search is done among the different
model fragments (previously obtained applying mutation and
crossover operations) that could contain the bug description.
The fitness function will assign values based on the similar-
ity with the textual description and the most recent model
modifications of that model fragment.
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Fig.5 Crossover operation

The following sections describe the genetic operations of
BLiM2 to generate new model fragments and how the fitness
of each model fragment is determined in terms of similarity
to the bug description, and the time of model modifications.

3.1 Genetic operations of the BLiM2 approach

The generation of subsequent model fragment sets is per-
formed by applying genetic operators that we have adapted
to work on model fragments in a previous work [19]. In other
words, new fragments based on the existing ones are gener-
ated through the use of two genetic operators: the crossover
operator and the mutation operator. These two operations are
summarized in the following subsections, but the details are
in [19].

3.1.1 Crossover

In our encoding, there are two elements that can be mapped
across the different model fragments: the model fragment
and the referenced product model. Therefore, our crossover
operation will take the model fragment from the first parent
and the product model from the second parent, generating a
new model fragment that contains elements from both par-
ents, thus preserving the basic mechanics of the crossover
operation.

To achieve the above, our crossover operation is based on
model comparisons. Figure 5 shows an example of the appli-
cation of the crossover operation on model fragments. First,
we select the model fragment from the first parent. Then, we
select the product model from the second parent. The model
fragment (from the first parent) is then compared with the
product model (from the second parent). If the comparison
finds the model fragment in the product model, the opera-
tion creates a new model fragment with the model fragment
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taken from the first parent but referencing the product model
from the second parent. In the case that the comparison does
not find a similar element, the crossover will return the first
parent unchanged.

This operation enables the search space to be expanded
to a different product model, i.e., both model fragments (the
one from the first parent and the one from the new model
fragment) will be the same. However, since each of them
is referencing a different product model, they will mutate
differently and provide different model fragments in further
generations.

3.1.2 Mutation

Figure 6 shows an example of our mutation for model frag-
ments. Each model fragment is associated with a product
model, and the model fragment mutates in the context of
its associated product model. In other words, the model frag-
ment will gain or drop some elements, but the resulting model
fragment will still be part of the referenced product model.
The mutation possibilities of a given model fragment are
driven by its associated product model.

To perform the mutation, the type of mutation that will
occur (either the addition or removal of elements) is decided
randomly:

— Subtractive mutation: This kind of mutation randomly
removes some elements from the model fragment. The
only constraint is that the elements be selected from the
edges of the model fragment (they are connected with a
single element). Therefore, the resulting model fragment
is still connected (we can navigate from any element to
any other element through the connections between the
elements), and it is not split into several isolated groups
of elements. Since the resulting model fragment is a sub-
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set of the original model fragment and the original was
present in the referenced product model, the resulting
product model will always be present in the referenced
product model.

— Additive mutation: This kind of mutation randomly
adds some elements to the model fragment. The only
constraint is that the resulting model fragment be part of
the referenced product model. To achieve this, the bound-
aries of the model fragment with the rest of the product
model are identified and then a random element from the
boundary is added to the resulting model fragment. By
doing so, the mutated model fragment will be part of the
referenced product model.

=40

Fig.6 Mutation operation

Both crossover and mutation operations are designed to
produce individuals, by selecting subset of existing models
to conform the new model fragment. The focus of this paper
is generating a subset of model elements that are relevant to
the bug that the domain expert wants to locate. The resultant
model fragments are then presented to a domain expert for
his assessment of its relevance for finding the bugs.

As a result, a new model fragment is created, but it still
references the same product model. In other words, the model
fragment represents another possible solution that can con-
tain the bug (that is present in the product model) for the
specific bug being located.

3.2 Fitness of the BLiM2 approach

In evolutionary algorithms, the fitness step is used to assess
the different degrees of adaptation to the environment that
different model fragments have. Following this idea, our fit-
ness step is used to determine the suitability of each model
fragment to the problem. The input of this step is a set of
model fragments, and the output produced is a set where
each model fragment has been assigned with two fitness val-
ues: the similarity to the feature description and the timespan
to the most recent model fragment modifications.

3.2.1 Model fragment similarity to the bug description

To assess the relevance of each model fragment in relation
to the bug description provided by the user, we apply meth-

ods based on information retrieval (IR) techniques. There
are many popular IR techniques such as vector space model
(VSM) [52], latent semantic indexing (LSI) [13] or latent
Dirichlet allocation (LDA) [8]. The research findings are
ambiguous and contradictory about which technique pro-
vides the best performance [57].

Based on our previous experience [4,19], we apply latent
semantic indexing (LSI) to analyze the relationships between
the description of the bug provided by the user and the
model fragments. Besides that LSI provides good results
when applied to source code [35,45,49], arecent work reveals
that LSI performs better when applied to text [47]. Product
models are representations at a higher abstraction level than
the source code, and the language used to build them is closer
to the bug description language; similar to text.

LSI constructs vector representations of a query and a
corpus of text documents by encoding them as a term by doc-
ument co-occurrence matrix, (i.e., a matrix where each row
corresponds to terms and each column corresponds to doc-
uments, with the last column corresponding to the query).
Each cell holds the number of occurrences of a term (row)
inside a document or the query (column). Figure 7 shows
the term extraction from a model fragment. The text of the
document corresponds to the names and values of the prop-
erties and methods of each model fragment from the model
and the metamodel, see Fig. 7. The metamodel provides the
names of classes, attributes, and methods, while the model
provides the values of these attributes and methods. The left
part of Fig. 7 shows a model fragment with its corresponding
metamodel fragment. The right part of Fig. 7 shows the terms
extracted, the number of occurrences, and the source of the
term (which comes from the model or from the metamodel).
For example, the term channel appears 2 times in the frag-
ment and the term channel comes from the metamodel (see
the second column of the table in Fig. 7).

In our work, the documents are model fragments, i.e., a
document of text is generated from each of the model frag-
ments. The query is constructed from the terms that appear
in the bug description. If the textual terms used for the model
and the bug description differ too much, the LSI will not
work. Therefore, the text from the documents (model frag-
ments) and the text from the query (bug description) are
homogenized by applying well-known natural language pro-
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Inductor
- Term |Occurrences| Source
name: String -
] size: String provider 1 Metamodel
3 channel 2 Metamodel
g type 1 Metamodel
s Provider Power Consumer limit 1 Metamodel
= Channel Manager Channel manager 1 Metamodel
. ) manufacturer: String ) intensity 1 Metamodel
limit: Strin . N - type: Strin
9 intensity: String yp 9 size 1 Metamodel
''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' name 1 Metamodel
minimum initi master 1 Model
Fairchild ode
5 High slave 1 Model
3 high 1 Model
Slave small 1 Model
'Small
Fig.7 Terms extraction from a model fragment and the corresponding metamodel
Fig.8 LSIapplied to a model Model Fragments
fragment
MF1 MF2 MF3 MF4 MFn Query
size 6 12 9 6 12 6
provider 12 6 4 0 24 10
coil 36 30 0 0 0 0
w
E small 24 12 2 0 6 4
&
intensity 0 8 10 2 0 6
high 6 0 2 0 6 8
0
name 8 2 1 12 3 0

cessing techniques (tokenizing, parts-of-speech tagging, and
lemmatizing) to eventually reduce this gap. If the languages
used differ too much, other techniques such as manual anno-
tation of the model elements could be applied at the expense
of increasing the effort.

The union of all the keywords extracted from the docu-
ments (model fragments) and from the query (bug descrip-
tion) is the terms (rows) used by our LSI fitness (see Fig. 8).
Each column is one of the model fragments; for example, the
column that is shaded in gray in Fig. 8 is the one that corre-
sponds to the model fragment from Fig. 7. The last column
is the query obtained from the bug description of the user.
Each row is one of the terms extracted from the corpuses of
text composed by all of the model fragments and the query
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itself. Each cell has the number of occurrences of each of the
terms in the model fragments.

Once the matrix is built (see Fig. 7), we normalize and
decompose it into a set of vectors using a matrix factoriza-
tion technique called singular value decomposition (SVD)
[31]. One vector that represents the latent semantics of the
document is obtained for each model fragment and the query.
Finally, the similarities between the query and each model
fragment are calculated as the cosine between the two vec-
tors. The fitness value that is given to each model fragment
is the one that we obtain when we calculate the similarity,
obtaining values between —1 and 1.

To make the variants of our approach, we can take the
union of the terms from the model and the metamodel
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Fig.9 Timespan of the modifications of the model elements of a fragment

(as shown in the example), or we can obtain different co-
occurrence matrices: one co-occurrence matrix from the
terms of the metamodel and another co-occurrence matrix
from the terms of the model. This way, we will obtain two
fitness values instead of one.

3.2.2 The most recent model modification

To apply the Defect Localization Principle, we measure the
timespan to the last modifications of the model. As the mod-
ifications affect the model elements, each model element has
its own modification timespan. Thus, each model element
has a constant value of modification timespan during the exe-
cution of the algorithm, but different model elements have
different modification timespan values.

The modifications of the model over time are considered
when extracting the most relevant model from the target
bug (the time difference between the last modification of
a model element and the usage day). A recently modified
model element (i.e., a short timespan) has a lower timespan
value than another model element that was modified farther
in the past. Since a model fragment is composed by a set
of model elements, the timespan weighting of the model
fragment depends on the timespan weightings of the model
elements that compose it.

The time difference is based on the number of days and
can therefore be very large when the model fragment was
modified a long time ago. To normalize the time difference,
mathematical solutions such as square root or logarithm can
be used. We used square root because it has achieved good
results in other works that use time differences [27,62]. The
use of square root is more suitable and more effective for the
proposed approach [66].

‘We consider the most recent model modification timespan
as the modification timespan weighting of a model fragment.
We chose this assessment because it achieved the best results
in our previous work [4]. This function expresses the concern
of capturing primarily the model fragments with the model
elements that have the lowest modification timespans, i.e.,
model elements that have been recently modified. Then, the

value of the model fragment will be the value of the most
recently modified model element.

In this work, the modification timespan can come from
the metamodel or from the model. If we follow the function
presented in [4], in the example of Fig. 9, the value of the
model fragment is 7 days, which means a square root of
2.646. However, we can obtain two fitness values, one from
the model and another from the metamodel. The value of the
model fragment will remain 7 days (a square root of 2.646),
while the value of the metamodel fragment will be 20 days
(a square root of 4.472). This way, we will obtain two fitness
values instead of one. A variant of our BLiM2 applies these
two fitness values.

3.3 BLiM2 variants

When considering the possible variants of the BLiM2
approach, we have taken into account the following facts,
which are extracted from the previous subsections:

1. Information retrieval techniques are widely used in
bug localization, specifically LSI, which provides good
results applied to source code [35,45,49].

2. The Defect Localization Principle improves the results
of the LSI when applied together [4,54,62].

Figure 10 shows the variants of BLiM2 taking into account
these two facts. The figure shows the BLiM2 approach with
the fitness function and the combinations of the information
from the model and the metamodel, for a total of ten variants.

1. BLiM2 with one objective in the fitness function taking
information from the metamodel in timespan (BLiM2-
10T-MM).

2. BLiM2 with one objective in the fitness function taking
information from the model in timespan (BLiM2-10T-
M).

3. BLiM2 with one objective in the fitness function taking
information from the metamodel in similarity (BLiM2-
10S-MM).
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Fig. 10 Variants of the BLiM2
approach
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4. BLiM2 with one objective in the fitness function get-
ting two fitness values from information from the model
and the metamodel in similarity and in timespan but
combining these objectives in one with equal weight
(BLiM2-10).

5. BLiM2 with two objectives in the fitness function taking
information from the model in similarity and timespan
(BLiM2-20-M).

6. BLiM2 with two objectives in the fitness function com-
bining information from the model and the metamodel
in similarity and timespan (BLiM2-20).

7. BLiM2 with two objectives in the fitness function com-
bining information from the model and the metamodel
in timespan (BLiM2-20T).

8. BLiM2 with three objectives in the fitness function com-
bining information from the model and the metamodel in
similarity and getting one value for each one in timespan
(BLiM2-30T).

9. BLiM2 with three objectives in the fitness function com-
bining information from the model and the metamodel in
timespan and getting one value for each one in similarity
(BLiM2-30S).

10. BLiM2 with four objectives in the fitness function
getting two fitness values from information from the
model and the metamodel in similarity and in timespan
(BLiM2-40).

3.4 Implementation details

Our algorithm is based on NSGA-II [12], one of the most fre-
quently used multi-objective evolutionary algorithms. Given
a set of model fragments where each model fragment has a
fitness value for its bug similarity (see Sect. 3.2.1) and its
recent time modifications (see Sect. 3.2.2), NSGA-II orders
these model fragments by means of non-dominated sorting.
A model fragment is non-dominated if the following holds:
(1) there is no other model fragment that is better than the
current one for some fitness value; and (2) the current model
fragment does not worsen other fitness values. As a result,
NSGA-II finds Pareto-optimal model fragments.

We implemented the multi-objective evolutionary algo-
rithm as outlined in Algorithm 1. During the generation of
the initial set (lines 3—-8), model fragments are randomly gen-
erated. The algorithm evaluates the fitness for each model
fragment and adds it to the initial set. During the evolution
process (lines 11-18), new offspring are generated as a result
of selecting model fragments (by means of the binary tourna-
ment selection), recombining them and applying a mutation
operation. The algorithm evaluates the fitness for each off-
spring and adds it to a temporal set (line 17). By means of
a combination of non-dominated sorting and crowding dis-
tance sorting [12], the algorithm selects the model fragments

Algorithm 1 BLiM2 (NSGA-II-based)
Require: Size, p¢, py,, Max Eval

Ensure: PF <« set of nondominated solutions
1: P=0

2: evaluations =0

3: for (i = 1to Size) do

4: s < NewSolution()

5: FEvaluateFitness(s)

6:  evaluations < evaluations + 1

7: P« P+1

8: end for

9: while (evaluations < MaxEval) do

10: Pp <0

11:  for (i = 1to Size/2) do

12: parents < Selection(P)

13: of fspring <— Crossover(of fspring)
14: offspring < Mutation(parents)
15: EvaluateFitness(offspring)

16: evaluations < evaluations + 1

17: Py < Po +offspring

18:  end for

190 P« PUPy

20: end while
21: PF < BestFrom(P)
22: Ranking AndCrowding Distance(P)

from both the old set and the temporal set (line 19) to create
anew set.

We performed some parameter tuning to find the best val-
ues for the parameters of our algorithm. However, we did not
find large differences that had an effect in our main focus.
The focus of this paper is not to tune the values to improve
the performance of the algorithms when applied to a partic-
ular problem, but rather to compare the performance of the
algorithms in terms of solution quality. Then, we have prin-
cipally chosen values for those settings that are commonly
used in the literature [53]. As suggested by Arcuri and Fraser
[6], default values are good enough to measure the perfor-
mance of search-based techniques in the context of testing.
Hence, the crossover operation is applied with a crossover
probability (p.) of 0.9, and the mutation operation is applied
with a probability (p,,) of 0.1.

The number of generations (repetitions of the genetic oper-
ations and fitness loop) allowed for the algorithm is 2500
since it is the value needed by our case study to converge
(note that this value is case specific). The rest of the settings
are detailed in Table 1. There are two atomic performance
measures for evolutionary algorithms: one regarding solution
quality and another regarding algorithm speed. In this work,
we focus on the solution quality, determining the variant that
provides solutions that are closer to the one from the oracle in
terms of recall, precision, and MCC. Nevertheless, the time
spent by each variant to reach the limit of 2500 generations
is around 60 s.

We have used the Eclipse Modeling Framework to manip-
ulate the models and CVL to manage the fragments of
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Table 1 BLiM2 configuration parameters

Parameter description Value
Size: population size 100
¢ number of parents 2

A: number of offspring from y parents 2

r: solutions replaced by set size 2

Pe: crossover probability 0.9
Ppm: mutation probability 0.1

models. The IR techniques used to process the language have
been implemented using OpenNLP [1] for the POSTagger
and the English version of the Porter 2 [56] as the stemming
algorithm. The LSI has been implemented using the Efficient
Java Matrix Library (EJML [16]). The genetic operations
are built upon the Watchmaker Framework for Evolutionary
Computation [15].

4 Evaluation

This section presents the evaluation of our approach: the
oracle preparation, the experimental setup, a description of
the case study where we applied the evaluation, the results
obtained, the statistical analysis performed, the discussion of
the results, and the threats to validity.

To evaluate the approach, we applied it to an industrial
case study from our industrial partner: BSH, a leading man-
ufacturer of home appliances in Europe.

4.1 Oracle preparation

The oracle is the ground truth and is used to compare the
results provided by the BLiM2-X approaches, the baseline,
and the random search (RS) that works as sanity check. The
baseline is the approach used in our industrial partner for bug
localization [19]. As we explained in Sect. 2.1, a bug can
be seen as an unwanted functionality, and a feature repre-
sents a functionality. For this reason, the feature localization
approach presented in Font et al. [19] can be used for bug
localization. Even though it was designed with a more gen-
eral purpose in mind (feature localization), it is the best they
have for bug localization in models.

To prepare the oracle, our industrial partner provided us
with the bug reports that have occurred in the product models.
These bug reports contain natural language bug descriptions
and the approved model fragments that contain the target
bugs.
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4.2 Experimental setup

This experiment evaluates whether or not the information
found in the metamodel improves the bug localization results.
In addition, we compare the BLiM2-X approaches with the
baseline [19] and with a random search (RS) sanity check.
If RS outperforms an intelligent search method, we can con-
clude that there is no need to use metaheuristic search. We
use the name BLiM2-X to represent any of the variants of our
approach; the letter ‘X’ represents one of ‘10T-MM,” ‘10T-
M, ‘10S-MM; ‘10, 20-M,” 20, 20T, ‘30T, ‘30S,
and ‘40.

Figure 11 shows an overview of the process that was fol-
lowed to evaluate our BLiM2-X approach. The left part of the
figure shows the inputs of the evaluation process provided by
our industrial partner, which are the product family and bug
reports. The product family and bug descriptions are used to
run BLiM2-X and the baseline approaches. We run each of
the approaches and obtain a ranking of model fragments that
we can compare with an oracle in order to check accuracy.
The inputs of the evaluation process, which are the prod-
uct family and bug reports, were provided by our industrial
partner.

Therefore, in order to compare the baseline and the RS
approaches with BLiM2-X, we first take the best solution of
the baseline and RS approaches. Second, we take the best
solution of each BLiM2-X. Finally, these solutions are then
compared to the model fragment that contains the target bug
of the oracle in order to get a confusion matrix.

A confusion matrix is a table that is often used to describe
the performance of a classification model (in this case,
BLiM2-X and the baseline) on a set of test data (the solu-
tions) for which the true values are known (from the oracles).
In our case, each solution that is output by the approaches is a
model fragment composed of a subset of the model elements
that are present in the product model (where the bug is being
located). Since the granularity will be at the level of model
elements, the presence or absence of each model element
will be considered as a classification. Therefore, our confu-
sion matrices will distinguish between two values (TRUE or
presence and FALSE or absence).

Figure 12 shows an example of the comparison process
that is performed to compare a result from one of the eval-
uated approaches with the ground truth from the oracle and
the resulting confusion matrix. We obtain a confusion matrix
for each of the solutions predicted by each of the approaches.
The left part of Fig. 12 shows the actual model fragment that
contains the bug (obtained from the oracle and considered
the ground truth), while the right part of Fig. 12 shows the
predicted model fragment output by the approach. The con-
fusion matrix arranges the results of the comparison into four
categories:
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True positive (TP): A model element present in the pre-
dicted model fragment that is also present in the actual
model fragment (e.g., the upper power manager model
element is a TP).

True negative (TN): A model element not present in the
predicted model fragment that is not present in the actual
model fragment (e.g., the bottom inverter model element
is a TN).

False positive (FP): A model element present in the pre-
dicted model fragment that is not present in the actual
model fragment (e.g., the upper inverter model element
is a FP).

False negative (FN): A model element not present in the
predicted model fragment that is present in the actual
model fragment (e.g., the upper inductor model element
is a FN).

The confusion matrix holds the results of the compari-
son between the predicted results and the actual results. The
result of the sum of all the categories (TP + TN + FP +
FN) is the number of model elements () of the model that
contains the predicted model fragment. However, in order to
evaluate the performance of the approach, it is necessary to
extract some measurements from the confusion matrix. Then,
some performance measurements are derived from the val-

ues in the confusion matrix. Specifically, we create a report
that includes four performance measurements (recall, preci-
sion, the F-measure, and MCC) for each of the test cases for
BLiM2-X and the baseline.

Recall measures the number of elements of the solution
that are correctly retrieved by the proposed solution and is
defined as follows:

TP

Recall = ———
TP +FN

(e

Precision measures the number of elements from the solu-
tion that are correct according to the ground truth (the oracle)
and is defined as follows:

TP

Precision = ———
TP + FP

(@)

The F-measure corresponds to the harmonic mean of pre-
cision and recall and is defined as follows:

Precision * Recall
F-measure = 2 %

P TaTPwE—— (3)
Precision + Recall

Recall values can range between 0% (i.e., no single model
element from the model fragment that contains the bug

obtained from the oracle is present in any of the model frag-
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ments of the solution) to 100% (i.e., all the model elements
from the oracle are present in the solution).

Precision values can range between 0% (i.e., no single
model fragment from the solution is present in the model
fragment that contains the bug obtained from the oracle) to
100% (i.e., all the model fragments from the solution are
present in the model fragment that contains the bug from the
oracle). A value of 100% precision and 100% recall implies
that both the solution and the model fragment that contains
the bug from the oracle are the same.

However, none of these measures correctly handle neg-
ative examples (TN). The MCC is a correlation coefficient
between the observed and predicted binary classifications
that takes into account all of the observed values (TP, TN,
FP, FN). MCC is a balanced measure which can be used
even if the search space and the predicted solution are of
very different sizes [9]. For this reason, MCC is one of the
best measures for describing a confusion matrix [46]. It is
defined as follows:

TP - TN — FP . EN
/(TP + EP)(IP + FN)(IN + EP)(IN + FN)

MCC =

4.3 Case study

To evaluate the approach, we applied it to an industrial case
study from our industrial partner.

4.3.1 BSH

The case study where we applied our evaluation process is
the Induction Hob Product Family of our industrial part-
ner (already presented in Sect. 2 as the running example).
The oracle is composed of 46 induction hob models, which,
on average, are composed of more than 500 elements. Our
industrial partner provided us with documentation of 37 bug
reports and the approved model fragments that contain the
bugs.

The approved model fragments have between 3 and 15
model elements, with an average of 8 model elements. It is
important to highlight that each model element has proper-
ties (that include terms), and a modification timespan, which
are used to differentiate among model elements. Five domain
engineers from our industrial partner were involved in pro-
viding the set of 37 bugs. The domain engineers of BSH
based their selection on a combination of importance and
frequency. The set of bugs provided are the most representa-
tives of the bugs that occurs in BSH.

For each of the 37 bugs, we created a test case that includes
the set of product models where that bug was manifested and
abug description, both obtained from the documentation. The
following video illustrates the models and model fragments
of BSH: www.youtube.com/watch?v=nS2sybEv6j0.
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Each time we run each of the approaches, we get one
results for a bug. As the approaches performs genetic opera-
tions, chance could affect the results. In order to minimize the
effect of chance, we execute each of the approaches 30 times
for each of the bugs as suggested in [6]. Then, for this case
study, we executed 30 independent runs for each of the 37 test
cases for BLiM2 and the baseline approach, i.e., 37 (bugs) x
10 (approaches) x 30 repetitions = 11,100 independent runs.

4.4 Results

In this section, we present the results obtained for the case
study in BLiM2-X, the baseline, and RS approaches in BSH.
Figure 13 shows the charts with the recall and precision
results for the industrial domain. A dot in the graph rep-
resents the average result of precision and recall for each of
the 37 bugs in BSH for the 30 repetitions.

Table 2 shows the mean values of recall, precision, the
F-measure, and MCC for BLiM2-X, the baseline and the
random search in the case study. There are five algorithms
that obtained best results than the baseline. The BLiM2-
30T approach obtains the best results in recall, precision,
and MCC, providing an average value of 89.84% in recall,
80.87% in precision, and 0.82 in MCC. The second best
results are obtained by BLiM2-40, providing an average
value of 83.03% in recall, 75.05% in precision, and 0.76
in MCC. The third best values are obtained by BLiM2-20,
providing an average value of 80.76% in recall, 72.56%
in precision, and 0.72 in MCC. The fourth best values are
obtained by BLiM2-30S, providing an average value of
73.72% in recall, 67.97% in precision, and 0.66 in MCC.
The fifth best values are obtained by BLiM2-10, providing
an average value of 66.26% in recall, 61.29% in precision,
and 0.59 in MCC. The rest of the algorithms obtained lower
results. In terms of recall, precision, and MCC, BLiM2-30T
outperforms the rest of the approaches.

4.5 Statistical analysis

To properly compare our BLiM2 approaches and the base-
line approach, all of the data resulting from the empirical
analysis were analyzed using statistical methods following
the guidelines in [5]. The goals of our statistical analysis are:
(1) to provide formal and quantitative evidence (statistical
significance) that BLiM2 does in fact have an impact on the
comparison metrics (i.e., that the differences in the results
were not obtained by mere chance); and (2) to show that
those differences are significant in practice (effect size).

4.5.1 Statistical significance

To enable statistical analysis, all of the algorithms should
be run a large enough number of times (in an independent
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Table2 Mean values and

standard deviations for recall, Recall £ (o) Precision £ (o) F-measure + (o) MCC =+ (o)
ﬂCCCiCSii(:ln];tS}]I?l F-measure, and BLiM2-10T-MM 37.98 +£5.35 40.66 + 6.61 37.20 + 5.60 0.31+0.05
BLiM2-10T-M 49.11+£9.38 48.07 + 5.40 48.53+5.76 0.43 +0.06
BLiM2-10S-MM 32.03 45.57 35.91+3.91 33.99 +3.19 0.25 +0.04
BLiM2-10 66.26 £ 9.70 61.29+7.11 63.43+5.03 0.59 £0.05
BLiM2-20-M 55.17 +5.41 53.024+5.33 54.05 % 4.6 0.48 £0.04
BLiM2-20 80.76 + 10.95 72.53 +7.68 7534+ 6.75 0.72 £0.07
BLiM2-20T 43.06 + 5.64 44.62+3.24 43.824+3.91 0.36 +0.04
BLiM2-30T 89.84 4 6.01 80.87 £4.51 84.18 £ 4.95 0.82 £0.04
BLiM2-308 73.72 £ 6.93 67.97 £ 6.91 70.39 4 4.89 0.66 £0.05
BLiM2-40 83.03 +7.43 75.05 + 6.16 79.58 + 5.66 0.76 £ 0.06
Baseline 62.10 + 8.42 57.57 4+ 4.89 59.49 +4.31 0.54 +0.04
Random Search 29.05 4 4.90 30.20 +4.15 29.75 +3.77 0.21 £0.04

way) to collect information on the probability distribution for
each algorithm. A statistical test should then be run to assess
whether there is enough empirical evidence to claim (with a
high level of confidence) that there is a difference between
the two algorithms (e.g., A is better than B). In order to do
this, two hypotheses, the null hypothesis Hy and the alter-
native hypothesis Hj, are defined. The null hypothesis Hy is
typically defined to state that there is no difference among the
algorithms, whereas the alternative hypothesis H; states that
at least one algorithm differs from another. In such a case, a
statistical test aims to verify whether the null hypothesis Hy
should be rejected.

The statistical tests provide a probability value, p value.
The p value obtains values between 0 and 1. The lower the
p value of a test, the more likely that the null hypothesis is
false. It is accepted by the research community that a p value
under 0.05 is statistically significant [6], so the hypothesis
Hj can be considered false.

The test that we must follow depends on the properties of
the data. Since our data do not follow a normal distribution
in general, our analysis requires the use of nonparametric
techniques. There are several tests for analyzing this kind of
data; however, the Quade test shows that it is more powerful
than the others when working with real data [20]. In addition,
according to Conover [10], the Quade test has shown better
results than the others when the number of algorithms is low
(no more than 4 or 5 algorithms).

The p values obtained in the test is < 2.2 x 10~'¢ for
recall, precision, and MCC; the statistics values obtained are
82.581, 82.412, and 93.53 for recall, precision, and MCC,
respectively. Since the p values are smaller than 0.05 for
recall, precision, and MCC, we reject the null hypothesis.
Consequently, we can state that there are differences among
the algorithms for the performance indicators of recall, pre-
cision, and MCC.
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However, with the Quade test, we cannot answer the fol-
lowing question: Which of the algorithms gives the best
performance? In this case, the performance of each algorithm
should be individually compared against all other alterna-
tives. In order to do this, we perform an additional post hoc
analysis. This kind of analysis performs a pair-wise com-
parison among the results of each algorithm, determining
whether statistically significant differences exist among the
results of a specific pair of algorithms.

Table 3 shows the p values of Holm’s post hoc analy-
sis for the case study and the performance indicators for the
algorithm that obtains the best results, BLiM2-30T. ' The
majority of the p values obtained are smaller than their corre-
sponding significance threshold value (0.05), indicating that
the differences in performance between the algorithms are
significant. However, when we compare BLiM2-30T with
BLiM2-20 (sixth row), and BLiM2-30T with BLiM2-40,
the values are greater than the threshold. This indicates that
the differences between those algorithms could be due to the
stochastic nature of the algorithms and are not significant.

4.5.2 Effect size

When comparing algorithms with a large enough number of
runs, statistically significant differences can be obtained even
if they are so small as to be of no practical value [6]. Thus, itis
important to assess whether an algorithm is statistically better
than another and to assess the magnitude of the improvement.
Effect size measures are needed to analyze this.

For a nonparametric effect size measure, we use Vargha
and Delaney’s Alz [22,58]. Alz measures the probability
that running one algorithm yields higher values than run-

! Although we have performed the entire statistical significance anal-
ysis, here we decide to show only the combinations with the algorithm
that obtained the best results. Table 5 shows the entire table with the
sixty-six combinations (at the end of the paper).
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Table 3 Holm’s post hoc p values and the Ay, statistic for each pair of algorithms

Holm’s A

Recall Precision MCC Recall Precision MCC
30T vs. I0T-MM <« 22x10710 «22x10710 «22x10710 1 1 1
30T vs. I0T-M «2.2x10710 < 2.2x10710 «2.2x10716 1 1 1
30T vs. 10S-MM «2.2x10716 <« 2.2x10710 <« 2.2x10716 1 1 1
30T vs. 10 5.8x10~10 1.6x1078 1.4x10~ 1 0.99489 0.99672 1
30T vs. 20-M «2.2x1071¢ «2.2x1071¢ «2.2x1071¢ 1 1 1
30T vs. 20 0.21685 0.00743 0.00940 0.75347 0.85793 0.89883
30T vs. 20T <« 2.2x10710 <« 22x10710 <« 2.2x10710 1 1 1
30T vs. 308 7.1x1073 0.00066 7.0x1073 0.98247 0.95435 0.99927
30T vs. 40 0.68994 0.57992 0.45910 0.70380 0.73887 0.79657
30T vs. Baseline 4.8x10712 1.6x10712 «22x10710 1 1 1
30T vs. RS <« 2.2x10710 <« 2.2x10710 <« 2.2x10710 1 1 1

ning another algorithm. If the two algorithms are equivalent,
then A > will be 0.5.

For example, Alz = 0.7 means that we would obtain
better results in 70% of the runs with the first of the pair of
algorithms that have been compared, and Alz = 0.3 means
that we would obtain better results in 70% of the runs with
the second of the pair of algorithms that have been compared.
Thus, we have an A1, value for every pair of algorithms.

Table 3 shows the values of the size effect statis-
tics.” In general, the largest differences were obtained
between BLiM2-30T and BLiM2-10T-MM, BLiM2-10T-
M, BLiM2-10S-MM, BLiM2-20-M, BLiM2-20T, the base-
line, and the RS, where BLiM2-30T achieves better results
all of the times. When comparing BLiM2-30T and BLiM2-
40, the differences are not so large, with around 78% in
performance.

BLiM2-30T obtained the best performance results among
the twelve evaluated approaches (see Table 2). The performed
statistical analysis indicated that BLiM2-30T outperforms
the rest of the approaches in terms of recall, precision, and
MCC. Overall, these results confirm that the use of BLiM2-
30T against the baseline approach has an actual impact. In
other words, BLiM2-30T obtained better results in recall,
which means that the model fragment proposed as the solu-
tion has more relevant elements for the bug that must be
located than the model fragments proposed by the base-
line approach. In the same way, BLiM2-30T obtained better
results in precision, which means that the model fragment
proposed as the solution has less non-relevant elements for

2 Although we have performed the entire size effect statistics analysis,
here we decide to show only the combinations with the algorithm that
obtained the best results. Table 6 shows the entire table with the sixty-six
combinations (at the end of the paper).
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the bug that we must be located than the model fragments
proposed by the baseline approach.

4.6 Discussion

Our results confirm that the BLiM2 variants and the baseline
approaches are better than random search based on the four
metrics (recall, precision, F-measure, and MCC) on the BSH
case study. Through this study, we concluded that there is
empirical evidence to support the significance of the results
of our algorithms. Thus, an intelligent algorithm is required
to find good solutions to perform bug localization in models.

The BLiM2-30T variant outperforms the rest of the vari-
ants of our approach. However, it did not obtain the perfect
solution for a bug in any of the cases. In other words, the
model fragments obtained from our approach do not include
all of the model elements that contain the bug.

One of the issues that we detected that cause this outcome
is the vocabulary mismatch. This means that for a specific
concept, the terms used in the bug description are different
from the terms used in the models. For example, the bug
description includes the word ‘current’ to refer to the electri-
cal energy that reaches an inductor. However, in the models,
the word ‘power’ stands for the same concept. Nevertheless,
this issue could be solved by augmenting the natural language
processing (NLP) with a dictionary of synonyms. In the same
way, we have also detected cases in which in-house terms
are used; for example, instead of using the word inverter,
the name of a manufacturer is used (‘Fairchild’). Therefore,
the regular dictionary of synonyms would not work in this
case. This suggests that the dictionary of synonyms should
be refined by domain engineers to include in-home terms.

Another issue is the case in which the bug description is
incomplete. For example, in a bug description the follow-
ing sentence can appear: ‘The induction hob crashes when
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the user selects the power level 9 for a double inductor’.
The engineers understand that the inductors have to reach
that power level when the user selects it. However, this sen-
tence also embodies implicit knowledge that is not written
but is obvious to the domain engineers: ‘The double induc-
tor is formed by two concentric inductors’, and ‘If the pot
that is on the top is large enough, both inductors have to
reach the power level 9, otherwise, only the central inductor
must reach that level.”. Omitting words in the bug description
negatively influences the fitness value of textual similarity
since the fitness value of textual similarity is based on the
co-occurrence of terms. This suggests that we must make
the engineers aware of this issue. They should know that in
cases in which the results obtained do not have enough qual-
ity and more model elements need to be located, they can
reformulate the descriptions of the bugs making the implicit
knowledge explicit.

In addition, the variants of our approach that combine
model and metamodel terms in one objective obtain bet-
ter results. This outcome is due to the fact that, in the
bug description, terms from the model and the metamodel
are mixed. From the metamodel comes general terms that
are shared by all the induction hobs, but differentiate the
parts. For example, with the words from the metamodel,
the approach discriminates between inductors and inverters.
From the model come terms that specifies the part of the
induction hob. For example, with the words from the model,
the approach discriminates between double inductor and sin-
gle inductor. A complete example is the following sentence
from a bug description: ‘In the induction hobs that have a
triple inductor and a pool inductor, the power booster does
notwork’. The terms from the metamodel are: induction hob,
inductor, and power, and the terms from the model are: triple,
pool, and booster. Therefore, higher values of textual similar-
ity (co-occurrence of terms) will be reached when comparing
the description of the bug with the combined terms of the
model and the metamodel.

Therefore, the variants of our approach that combine
model and metamodel terms in one objective obtains sim-
ilar results. However, the differences come from the way
in which the Defect Localization Principle is measure. For
example, between BLiM2-30T and BLiM2-20 the differ-
ence is around 10% in favor of BLiM2-30T. In BLiM2-20,
the approach gives one fitness value for the timespan, this pro-
duces that there are not so many differences between those
that have recently been modified and those that have not.

We believe that the above is especially interesting since
it can be an important difference between generic model-
ing languages and DSLs when locating bugs. Unlike generic
modeling languages, such as UML, metamodel elements in
DSLs contain domain information. On the one hand, the
metaelement Class of UML is generic enough to be rele-
vant for different domains. On the other hand, a metaelement
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such as Inductor of the induction hobs DSL is relevant for
specific domains only. This is also the case of other generic
modeling languages, such as BPMN or ARCHIMATE. This
suggests that in the hypothetical case that the induction hobs
would have been specified with a generic modeling language,
the results could have been worse since the terms of the
model (e.g., class) would not be similar to the terms of the
description of the bug (e.g., inductor). Therefore, we think
that specific experiments should be carried out with generic
modeling languages to determine the performance with the
current approach, assess the need to reformulate the query,
or even identify new objectives to guide the bug localization.

Finally, our results confirm the relevance of the Defect
Localization Principle to models. The majority of bugs pro-
vided by the industrial partner (about 90%) are related to
recent modifications. For bugs that are not related to recent
modifications, our approach (in spite of including a timespan
objective) obtains similar or slightly worse results than the
baseline in terms of recall, precision, and MCC. This suggests
that, given a bug description where we do not know whether
or not the recent modification timespans are relevant, the
inclusion of the objective of the Defect Localization Princi-
ple, in general, leads to better results than if it is not included.
Since modification timespan is important in the localization
of bugs, the variants of our approach in which we give more
relevance to it obtain better results.

The ten variants of our approach are vulnerable to the fol-
lowing issues: vocabulary mismatch and descriptions with
implicit knowledge. For textual similarity, the variants that
mix the information from the model and the metamodel
(BLiM2-20 and BLiM2-30T) obtained the best results. For
timespan modification, the variants that differentiate between
modifications in the model and the metamodel (BLiM2-
20T and BLiM2-40) obtained the best results. BLiM2-30T,
which combines the above, is the one that obtains the best
results in models like those of our industrial partner.

Bugs cannot be located using only textual similarity (as
the baseline does) due to the vocabulary mismatch and to
the descriptions with implicit knowledge. The reason is that
some text is missing or that the text is different between
the description of the bug and the models. Bugs cannot be
located using only the Default Localization Principle either.
The reason is that all recent modifications would be suggested
as relevant to the bug. Bugs can not be located using only
information from the metamodel. The reason is the terms of
the metamodel are the same for the specific elements of the
model, and for the timespan occurs the same, if a modification
is performed in an element of the metamodel the time is the
same for all those elements of the models. The combination
of model and metamodel information allows the approach to
discriminate between the rest of the element and between the
specific elements.
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Hence, the combination of textual similarity and Defect
Localization Principle pays off to locate bugs. Specifically,
the combination that gives more weight to the Defect Local-
ization Principle than to the textual similarity. In particular,
the best results are obtained by the variant BLiM2-30T of
our approach that has 2 objectives of 3 related to the Defect
Localization Principle and 1 of 3 related to textual similar-
ity. It turns out that with 2 of 3 objectives the fragments are
prioritized according to the Defect Localization Principle (it
happens to about 90% of the bugs) and the third objective
(even imperfect due to the vocabulary mismatch and to the
descriptions with implicit knowledge) is able to differentiate
between the recent modifications not relevant to the bugs and
those that are relevant to the bugs.

4.7 Threats to validity

In this section, we present some of the threats to validity. We
follow the guidelines suggested by De Oliveira et. al [11] to
identify those that are applicable to this work.

Conclusion validity threats: The first identified threat of
this type is not accounting for random variation. To address
this threat, we considered 30 independent runs for each bug
with each algorithm. The second threat is lack of formal
hypothesis and statistical tests. In this paper, we employed
standard statistical analysis following accepted guidelines
[6] in order to avoid this threat. The third threat is the lack of
good descriptive analysis. In this work, we have used preci-
sion, recall, the F-measure, and MCC metrics to analyze the
confusion matrix obtained from the experiments; however,
other metrics could also be applied. In addition, some works
argue that the use of the Vargha and Delaney’s A1> metric
may be misrepresentative [43] and that the data should be
pretransformed before applying it. We did not find any use
case for data pretransformation that applies to our case stud-
ies.

Internal validity threats: The first identified threat of
this type is poor parameter settings. In this paper, we used
standard values for the algorithms. These values have been
tested in similar algorithms for feature localization [36]. In
addition, the choice of the k value in the application of SVD
can produce suboptimal accuracy when using LSI for soft-
ware artifacts [44]. However, we plan to evaluate all of the
parameters of our algorithm in a future work. The second
threat is lack of clear of data collection tools and procedures.
The set of 37 bugs used in the evaluation has been provided
by domain experts of BSH. The set of bugs provided are the
most representatives of the bugs that occurs in BSH. The
third threat is lack of real problem instances. The evaluation
of this paper was applied to an industrial case study, BSH.

Construct validity threats: The identified threat is lack
of assessing the validity of cost measures. To address this
threat, we performed a fair comparison between BLiM2-X

and the baseline by generating the same number of model
fragments and using the same number of fitness evaluations.

External validity threats: The identified threat of this
type is lack of a clear object selection strategy. This threat
is addressed by using an industrial case study. Our instances
are collected from real-world problems.

5 Related work

In recent years, many bug localization approaches have
been proposed. These approaches are usually IR-based
approaches, and some of them add the Defect Localization
Principle. Since our bug localization in models approach
applies these techniques to models, in this section, we review
some relevant works in the literature. Table 4 shows a sum-
mary of the main features of these works.

The first block of works in Table 4 shows the works that
are related to this paper:

— Kusumoto etal. [29] and Liang et al. [34] apply static pro-
gram slicing to bug localization. They apply static slicing
to reduce the search domain while programmers locate
bugs in their programs. In [29], they evaluate this tech-
nique and confirm that it is useful for bug localization. In
[34], they use this technique to improve the efficiency of
data flow analysis in the presence of pointer variables.

— Mao et al. [39] use dynamic slicing and statistical bug
localization. They utilize program slices of a set of test
runs to capture the influence of a program entity’s exe-
cution on the output, and they use statistical analysis
to measure the level of suspiciousness of each program
entity being faulty. Their approach is called approximate
dynamic backward slice.

— In the same way, Alves et al. [2] combine dynamic slic-
ing and spectrum-based techniques. They rank all of the
statements in a program based on their level of suspi-
ciousness, which is calculated by using a spectrum-based
technique (the Tarantula technique). Then, they generate
a dynamic slice with respect to a failure-indicating vari-
able at the failure point. The statements that are not in the
slice are removed from the ranking to reduce the search
domain.

— Gong et al. [21] propose an interactive localization tech-
nique called TALK. This approach incorporates program-
mers’ feedback into spectrum-based fault localization
techniques. When the programmer receives the ranking
of program elements that can cause the bug, he or she
can judge the correctness of each element and provide
this information as feedback to reorder the ranking.

— Saha et al. [50], Zhou et al. [65], and Rao et al.
[48] apply information retrieval for bug localization.
In [50], the authors present BLUIR, Bug Localization
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Table4 Summary of the works cited in the Related Work Section

Approach Information retrieval Defect Localization Principle Locates Source code Model Metamodel
Kusumoto et al. [29] No No Bugs Yes No No
Liang et al. [34] No No Bugs Yes No No
Mao et al. [39] No No Bugs Yes No No
Alves et al. [2] No No Bugs Yes No No
Gong et al. [21] No No Bugs Yes No No
Saha et al [50] Yes No Bugs Yes No No
Zhou et al. [65] Yes No Bugs Yes No No
Rao et al. [48] Yes No Bugs Yes No No
Lukins et al. [38] Yes No Bugs Yes No No
Kim et al. [28] Yes No Bugs Yes No No
Le etal. [32] Yes No Bugs Yes No No
Hoang et al. [25] Yes No Bugs Yes No No
Lam et al. [30] Yes No Bugs Yes No No
Zamani et al. [62] Yes Yes Bugs Yes No No
Sisman and Kak [54] Yes Yes Bugs Yes No No
‘Wang and Lo [59] Yes Yes Bugs Yes No No
Wille et al. [60] No No Features No Yes No
Holthusen et al. [26] No No Features No Yes No
Zhang et al. [63,64] No No Features No Yes No
Martinez et al. [41,42] No No Features No Yes No
Lopez-Herrejon et al. [37] No No Features No Yes No
Arcegaet al. [3] Yes No Features No Yes No
Font et al. [18,19] Yes No Features No Yes No
Arcega et al. [4] Yes Yes Bugs No Yes No
Our approach Yes Yes Bugs No Yes Yes

Using information Retrieval. In [65], the authors propose
BugLocator. Both works use an initial bug report to rank
the source code files in descending order based on their
relevance to the bug report.

Lukins et al. [38] used latent Dirichlet allocation (LDA)
for predicting the location of a newly reported bug. They
use source code comments and identifiers as information
resources for predicting the locations of bugs.

Kim et al. [28] propose both a one-phase and a two-
phase prediction model to recommend files to fix. In the
one-phase model, they create features from textual infor-
mation and metadata of bug reports, apply Nave Bayes
to train the model using previously fixed files as classi-
fication labels, and then use the trained model to assign
multiple source files to a bug report. In the two-phase
model, they first apply their one-phase model to classify
anew bug report as either ‘predictable’ or ‘deficient’ and
then make predictions only for ‘predictable’ report.

Le et al. [32] and Hoang et al. [25] combine information
retrieval and spectrum-based techniques. In [25,32], they
present two approaches that utilize multimodal informa-
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tion from both bug reports and program spectra to localize
bugs.

Lam et al. [30] present an approach that uses deep neural
network (DNN) in combination with rVSM, an informa-
tion retrieval technique. rVSM collects the feature on the
textual similarity between bug reports and source files.
DNN is used to learn related terms in bug reports to poten-
tially different code tokens and terms in source files.
Zamani et al. [62], Sisman and Kak [54], and Wang
and Lo [59] include the Defect Localization Principle
in their approaches. In [62], they proposed an approach
thatincluded weighting and ranking the source code loca-
tions based on both the textual similarity with a change
request and the use of the time metadata. In [54], they
utilize time decay in weighting the files in a probabilistic
information retrieval model. In [59], they present Amal-
gam+, which is a method for locating relevant buggy
files that puts together fives sources of information: ver-
sion history, similar reports, structure, stack traces, and
reporter information.

These approaches give better results than information
retrieval techniques.
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All of the above works present approaches that only take
into account the source code as the artifact that represents the
bug. These approaches have not been applied to models. In
contrast, we propose an approach that can be configured to
apply these ideas (static and dynamic analysis, information
retrieval, and the Defect Localization Principle) in models.
We have evaluated the approach successfully by applying
them in models. Moreover, our approach does not apply the
dynamic analysis that is used by some of those cited. Our
future work involves designing an approach that addresses
the dynamic analysis idea using models at runtime [7]

Some works focus on the localization of features in models
by comparing the models with each other to formalize the
variability among them in the form of a Software Product
Line:

— Wille et al. [60] present an approach where the similarity
between models is measured following an exchangeable
metric, taking into account different attributes of the mod-
els. Then, the approach is further refined [26] to reduce
the number of comparisons needed to mine the family
model.

— The authors in [63] propose a generic approach to
automatically compare products and locate the feature
realizations in terms of a CVL model. In [64], the
approach is refined to automatically formalize the fea-
ture realizations of new product models that are added to
the system.

— Martinez et al. [42] propose an extensible approach that is
based on comparisons to extract the feature formalization
on a family of models. In addition, they provide means
to extend the approach to locate features in any kind of
asset based on comparisons.

— The MoVaPL approach [41] considers the identification
of variability and commonality in model variants as well
as the extraction of a Model-based Software Product Line
(MSPL) from the features identified in these s. MoVaPL
builds on a generic representation of models making it
suitable for any MOF-based models.

— Lopez-Herrejon et al. [37] evaluate three standard search-
based techniques (evolutionary algorithm, hill climbing,
and random search) in order to calculate the relationships
of a feature model. They calculate the feature relation-
ships of the feature specification layer, while our work
locates the model fragments of the product realization

Nevertheless, all of these approaches are based on mechan-
ical comparisons among the models, classifying the elements
based on their similarity, and identifying the dissimilar ele-
ments as the feature realizations. In contrast, our work does
not rely on model comparisons to locate the bugs. Specif-
ically, in our work, we use a multi-objective evolutionary

algorithm that uses both the similarity to the bug report and
the timespan weighting as fitness functions.

In addition, there are other approaches for feature localiza-
tion in models that, although they were not designed to locate
bugs, could potentially be applied to do this. In the second
block of works in Table 4, we show our previous works.

— In [3], we present an approach that is composed of
dynamic analysis and information retrieval at the model
level. We compare different ways of creating model
traces. This work outperforms the feature localization in
source code.

— Font et al. [18,19] propose two approaches that use evo-
lutionary algorithms to locate features in a model. This
work does not take into account the Defect Localization
Principle for bug localization.

— In [4], we analyze the influence of several timespan
weightings on bug localization in models. We evaluate
four timespan weightings: the most recent model modifi-
cations, the oldest model modifications, the mean of the
modification timespan of the modified model elements,
and the sum of the modification timespan of the modi-
fied model elements. The results show that the use of the
most recent timespan model modifications provides the
best results in bug localization.

In this work, we adapt the Defect Localization Princi-
ple that is used in source code to models. The approach of
this paper supports ten different fitness functions, in which
the Defect Localization Principle is used. This principle is
applied using the most recent timespan model modifications
because it obtains the best results in [4]. In addition, in con-
trast to our previous works, our approach takes into account
the domain information from the metamodel.

6 Conclusion

Bug localization is a significant maintenance activity. In this
paper, we have proposed an approach for bug localization in
models (BLiM2) which enables us to evaluate to what extent
the ideas that have been successfully applied in source code
for bug localization (textual similarity to bug description and
Defect Localization Principle) also work in models. In addi-
tion, BLiM2 takes information from two levels, the model
and the metamodel, taking advantage of a particularity of the
models that does not exist in source code (in the models, there
is domain information in both the model and the metamodel).

We evaluated our BLiM2 approach in an industrial case
study, BSH, and compared it with the approach that they are
using for bug localization. We determined which approach
produces the best results in terms of precision, recall, the F-
measure, and MCC. To do this, we applied the approaches
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Table5 Holm'’s post hoc p values for recall for each pair of algorithms

10T-MM 10T-M 10S-MM 10 20-M 20 20T 30T 308 40 Baseline
Recall
10TM 001218 - - - - - - - - - -
10S-MM 022381 841077 - - - - - - - - N
10 121071 L1x 1073 «22x1071% - - - - - - - -
20-M 2.1 x107° 0.27833 35x 10712 0.03263 - - - - - - -
20 €22x1071%  «22x107%  «22x107'%  0.00013 5.9 x 10712 - - - - - -
20T 0.65083 0.35431 0.00340 33x 10710 0.00171 «22x1071% - - - - -
30T €22x1071  «22x1076  «22x107'¢ 58x 10710 «22x 1071 0.21685 «22x107' - - - -
308 «22x1071% 46x 107! «22x1071% 022577 57x10°% 0.21685 «22x1071% 7.0 x 1078 - - -
40 «22x10710 «22x1070 «22x 1076 14x 1070 6.5x 1071 0.93749 «22x107'% 068994 0.01387 - -
Bascline 2.4 x 1012 0.00031 «22x 1071 093749 021685 44107 28x 1078 48x 10712 0.04335 23x10°% -
RS 0.01795 27 %1070 0.93749 «22x1071% 29x10°1% «22x1071° 57 x107% €22x1071°%  «22x1071% «22x1070  «22x1071°
Precision
10TM  0.00650 - - - - - - - - - -
10S MM 0.43504 241070 - - - - - - - - N
10 «22x1071% 46x1077 «22x10716 - - - - - - - -
20-M 47x 107 0.32239 6.3x 10712 0.00650 - - - - - - -
20 «22x1071% 60x10°1% «22x 1071 0.05708 L1x 1078 - - - - - -
20T 043504 043504 0.00625 721072 000137 <22x107 - - - - -
30T «22x1071% «22x1071 «22x107% 16x107F «22x 1071 0.00743 «22x107 - - - -
308 «22x1071% 84x 1071 «22x1071% 032239 48x 107 0.57992 «22x107'° 000066 - - -
40 «22x 10710 «22x10710 «22x 10716 25x107° L1x 1071 0.32239 «22x1071% 057992 0.06481 - -
Baseline 1.2 x 10712 0.00045 «22x 1071 057992 0.32239 0.00044 58x 1078 1.6 x 10712 0.00616 121078 -
RS 0.01619 9.8 x 10710 0.57992 «22x107% 31x 1070 «22x107'% 20x107% €22x1071°%  «22x1070 «22x1070 «22x1071°
mcc
10TM 0,076 - - - - - - - - - -
10S-MM  0.1407 1.6 x 1077 - - - - - - - - -
10 «22x1071° 9.1 x 1077 «22x1071% - - - - - - - -
20-M 26x107° 0.4540 12x 10712 0.0042 - - - - - - -
20 €22x1071%  «22x1070 «22x107'% 0.0010 22x 10712 - - - - - -
20T 04591 04540 0.0015 841072 00021 <22x107 - - - - -
30T €22x1071 «22x 10710 «22x107%  14x 107! «22x 1071 0.0094 «22x107 - - - -
308 «22x1071% 321071 «22x1071% 00637 87x 107" 0.4591 «22x1071% 7.0x 1078 - - -
40 «22x1071%  «22x10710 «22x107% 35x 1077 «22x1071° 04591 «22x107'° 04591 00309 - -
Baseline 1.1 x 10710 0.0042 «22x 1071 04540 04591 12x 1077 7.5 %1077 «22x1071% 781077 32x 1072 -
RS 0.0047 1.6x 10710 0.4591 «22x10710 26x1071° «22x1071% 9.0x10°¢ €22x1071% «22x10710 «22x10710 «22x1071°

“le3a ebadiy ]
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Table6 A, statistic for each pair of algorithms

1 vs. — 10T-MM  10T-M 10S-MM 10 20-M 20 20T 30T 308 40 Baseline
Recall

10T-M 0.85866 - - - - - - - - - -
10S-MM  0.24690 0.04456 - - - - - - - - -
10 1 0.89664 1 - - - - - - - -
20-M 0.99891 0.68627 1 0.16143 - - - - - - -
20 1 1 1 0.83638  0.99927 - - - - - -
20T 0.76479 0.29401  0.95435 0 0.05917 0 - - - - -
30T 1 1 1 0.99489 1 0.75347 1 - - - -
308 1 0.99890 1 0.72498  0.99744  0.30241 1 0.01753 - - -
40 1 1 1 093755 1 0.60189 1 0.29620  0.85757 - -
Baseline 0.99963 0.84697 1 039262 0.75566  0.09533  0.98319 0 0.15194  0.01278 -
RS 0.09204 0.00037  0.27904 0 0 0 0 0 0 0 0
Precision

10T-M 0.8656 - - - - - - - - - -
10S-MM  0.2297 0.00037 - - - - - - - - -
10 1 0.93644 1 - - - - - - - -
20-M 0.9661 0.73411 1 0.19065 - - - - - - -
20 1 1 1 0.88093  0.96676  — - - - - -
20T 0.7141 023192 0.98722 0 0.04602 0 - - - - -
30T 1 1 1 0.99671 1 0.85793 1 - - - -
308 1 0.99890 1 0.74981  0.95617  0.30131 1 0.04565 - - -
40 1 1 1 093353 1 0.60738 1 0.26114  0.80022 — -
Baseline 1 0.91965 1 0.35245  0.72899  0.03324 1 0 0.09788 0 -
RS 0.10811 0.00037  0.21110 0 0 0 0.00292 0 0 0 0
mcc

10T-M 0.91563 - - - - - - - - - -
10S-MM  0.20088 0.00292 - - - - - - - - -
10 1 097918 1 - - - - - - - -
20-M 0.99598 0.77283 1 0.05696  — - - - - - -
20 1 1 1 0.94668 1 - - - - - -
20T 0.77356 0.19722  0.98685 0 0.01534 0 - - - - -
30T 1 1 1 1 1 0.89883 1 - - - -
308 1 1 1 0.85646  0.99708  0.24507 1 0.00073 - - -
40 1 1 1 0.99270 1 0.66983 1 0.20343 091271 - -
Baseline 1 094595 1 0.24653  0.84222  0.01169 1 0 0.03287 0 -
RS 0.07779 0 0.24836 0 0 0 0 0 0 0 0

in BSH that has a model-based product family (firmware of
induction hobs). We present our evaluation, which includes
the following: experimental setup, results, statistical analysis,
and threats to validity.

The results show that the domain information from the
metamodel pays off for bug localization. Specifically, the
BLiM2-30T of our approach achieves the best results. It has
three objectives in the fitness function: one that combines
information from the model and the metamodel for text sim-
ilarity; one that takes into account the modification timespan

of the model; and one that takes into account the modifica-
tion timespan of the metamodel. Results also show that our
approach can be applied in real-world environments. The
statistical analysis of the results provides evidence of their
significance.
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