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ABSTRACT

The Dynamic Feature Location Techniques (DFLTs) aim to automate the process of

identifying the source code responsible for executing specific features within software sys-

tems. Manual implementation of DFLTs is time-consuming and demanding for developers,

leading to the proposal of semi-automated approaches. One common approach involves

generating execution traces by executing multiple scenarios for each software feature and

then mapping the corresponding source code based on these traces. However, the execution

traces are often large and contain irrelevant data to the software feature, requiring solutions

to reduce their size and the eliminate irrelevant data. One such solution involves minimiz-

ing the number of scenarios needed to exercise a software feature, but little work has been

done in this area.

To address this gap, a generic framework called Aggregation of Execution Traces to

Formulate a Scenario (AETFS) is introduced in this work. AETFS leverages runtime soft-

ware output and employs textual analysis techniques to extract relevant data from the exe-

cution trace for scenario creation. It explores textual analysis, including topic modeling, as

a means to select accurate scenarios for DFLTs. The performance of AETFS is character-

ized in terms of execution trace granularity, enabling the identification of meaningful terms

that can filter the execution trace using textual analysis techniques such as Latent Seman-

tic Indexing (LSI). The evaluation encompasses eight subject systems with 600 features,

making it more extensive than previous studies.

The study identifies certain attributes of execution traces and text queries that impact

AETFS’s performance. Two distinct groups emerge, one achieving superior Feature Lo-

cation (FL) using AETFS and the other achieving better FL using a conventional baseline

method. Combining AETFS with the baseline method significantly enhances performance,

with the top results surpassing the baseline by 45% and the lowest by 12% over AETFS.

In conclusion, this work highlights the importance of rigorously characterizing the pro-

posed DFLTs framework to identify optimal scenarios for exercising software features.

It emphasizes the need to differentiate between scenarios and their characterizations to

generate necessary insights. The findings demonstrate the effectiveness of AETFS while

providing valuable insights for further advancements in the field of DFLTs.
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Chapter 1

Introduction

1.1 Software Features and Feature Implementa-
tion

In today’s era of software development, the development of software projects

is driven by the needs of the users. The task of software developers is to

transform these documented needs into tangible features within the soft-

ware systems. A feature (F) is a term used to denote a unique aspect of

a software’s functionality that is realized in its source code (IEEE 1983).

In this context, a software feature is defined as a system functionality that

is visible and can be activated by users (Razzaq, Wasala, Exton, & Buck-

ley, 2018). For instance, in Microsoft Word1, users can activate a specific

software function, such as Save As2, by navigating through the program’s

Graphical User Interface (GUI), thereby demonstrating the software feature

(Save As).

However, the feature implementation is a tangled process. Despite the

invoked software feature being observable by the end-users in the User In-

terface (UI) layer, the fact is that the software project is designed to be ar-

chitecture based on several layers, such as the Application layer, Business
1Microsoft Word is a word processor developed by Microsoft.
2http://microsoft.com/en-us/microsoft-365/word
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layer, Persistence layer, and Database layer (Márquez, Astudillo, & Kaz-

man, 2023). Consequently, the software feature is implemented crossed on

the software architecture layers. Each software architecture layer may have

elements of the observable feature. In other words, there is a certain orthog-

onality between software features and software architecture; the latter can

provide clues as to where features are implemented. For instance, the Appli-

cation layer contains the source code (methods/classes or any other level of

the source code granularity) of the observable feature in the UI layer. In con-

trast, the Database layer may contain some related attributes to the F. Hence,

this work primarily focuses on mapping software’s artifacts between the

UI layer (software functionalities) and the Application layer (source code).

Other software architecture layers and Internet of Things (IoT) software ar-

chitecture (Buzaid, Albalooshi, & Rouached, 2022) are excluded from this

work.

The characteristics of software features and their implementation can be

described as follows:

• An abstract feature can be defined as a high-level description of a soft-

ware feature that presents its concept without any associated physical

source code entity.

• A functional software feature can be defined as those features of the

software that are apparent to the end user in the UI layer.

• An observable software feature refers to the ability of end-users to

identify functional software features and locate their corresponding

source code.

The goal of implementing software features is to link the functional soft-

ware feature with the corresponding source code entity. This mapping pro-

vides the necessary source code for the targeted software feature at various
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levels of granularity, such as methods, classes, and so on. Moreover, it’s rare

to find a modern software system designed based on a monolithic architec-

ture these days. Most software projects are now developed using Object

Oriented Programming Language (OOPL) (Flageol, Menaud, Guéhéneuc,

Badri, & Monnier, 2023; Jaspan et al., 2018). As a result, finding the rele-

vant source code for a software feature may involve multiple files, including

external libraries and packages. For instance, software developers might

need to locate various source code entities like classes, methods, variables,

etc., across several files to identify a near-complete set of features, rather

than just pinpointing the initial point of implementation (Razzaq, Le Gear,

Exton, & Buckley, 2020).

Figure 1.1: The mapping relationship between the software features and their relevant

source code.
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Figure 1.1 illustrates the mapping relation between the software features

and their required source code for implementation. The software system

may have several (Fn), where each (F) requires a certain Source Code (SCn)

entity to be implemented. There are three types of relation between the (F)

and (SC), one-to-one, one-to-many, and many-to-many (Sinkala & Herold,

2021). For instance, Figure 1.1 shows one to one relation between (F3), and

(SC2). While one to many is presented between (F1) and (S3), (SCn). Note,

the edges that connect the software features and the source code entities

express the relationships between (Fn) and (SCn) as illustrated in Figure

1.1.

1.1.1 The Applications of Feature Location

The term Feature Location (FL) is used to describe the process of identifying

or pinpointing a section of code that executes a particular software function.

This concept is applicable in various stages of software development, such

as Software Comprehension (SC), Software Maintenance (SM), and Bug

Localization (BL). Software developers aim to locate the necessary source

code before undertaking tasks related to SM, SC, or BL. For instance, if

a software system reports a defect in certain functionalities, programmers

may employ the FL concept to streamline the process of locating the source

code that might be responsible for the defect (Qayum, Khan, Akhunzada, et

al., 2022). Hence, the term FL is relevant in different phases of the software

engineering life cycle.

1.1.2 Type of Feature Location Techniques

The principle of FL can be utilized in every phase of software product de-

velopment. The specific application of FL can be tailored according to the

objectives of the software developers. Numerous Feature Location Tech-
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niques (FLTs) exist, with the goal of identifying at least one relevant source

code entity through automated or semi-automated methods.

However, it’s nearly impossible to locate the complete set of source code

using just one configuration of FLTs. Various strategies are used in FLTs to

find a starting point or a nearly complete feature location for source code

entities (Razzaq et al., 2018). Each strategy can enhance the process of us-

ing FL, offering specific benefits to software developers in achieving their

desired tasks. There are four common approaches to FLTs (Buzaid & Ham-

mad, 2021b; Rubin & Chechik, 2013), which are described as follows:

• Static Feature Location Techniques (SFLTs) are designed to link the

software feature with the appropriate source code by examining the

dependencies within the source code. SFLTs do not necessitate sys-

tem compilation and instead investigate the system’s control data flow.

Developers need to identify starting points (either arbitrary or non-

arbitrary), after which SFLTs strive to locate relevant data based on

static dependencies in the source code (Williams, Ren, De Carli, Lu,

& Smith, 2021). For instance, a flow graph could be utilized to rep-

resent source code, and SFLTs could traverse this graph to identify

all accessible, relevant nodes and map them to a feature (Kazato,

Hayashi, Kobayashi, et al., 2013).

• Textual Feature Location Techniques (TFLTs) involve the use of sig-

nificant textual data within the source code to identify the software

feature. TFLTs primarily employ three techniques: pattern matching,

Information Retrieval (IR), and Natural Language Processing (NLP).

For example, software developers might use a tool like grep3 or a

text query to search the source code and retrieve the necessary source

code for implementing the desired software feature (Saifan & Obei-
3https://www.gnu.org/software/grep/
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dat, 2021). Hence, system compilation is not required to carry out

TFLTs.

• Dynamic Feature Location Techniques (DFLTs) involve the use of

gathered execution traces to display the source code relevant to ex-

ecuted software features (Michelon et al., 2022; Koschke & Quante,

2005; Wilde & Scully, 1995). In DFLTs, a scenario or test case, which

is a series of actions that activate the software feature in the system,

exercises the software feature. Developers need to execute a series of

scenarios or test cases in DFLTs to generate the necessary execution

traces, which can later be used to indicate the source code relevant

to the displayed feature (Buzaid, Albalooshi, & Elmedany, 2022). In

other words, DFLTs run the system’s code by exercising the behaviors

of the subject feature and monitoring runtime events such as object

creation/deletion, method invocation, and thread creation/termination

(Michelon, Linsbauer, Assunção, Fischer, & Egyed, 2021). The col-

lected execution traces are used to locate the starting point or nearly

complete set of source code that implements the software feature.

• Hybrid Feature Location Techniques (HFLTs) are a fusion of multi-

ple FLTs. The idea of using a single FLT solution to achieve near-

complete FL is not feasible (Razzaq et al., 2018; Eyal Salman, Se-

riai, & Dony, 2022). For instance, DFLTs can be utilized to identify

an initial point (foothold) in the source code, which is then used to

execute SFLTs, instead of starting from a random point in the code

(Arwan, Rochimah, & Fatichah, 2022; Kazato, Hayashi, Kobayashi,

et al., 2013; Savage, Revelle, & Poshyvanyk, 2010). Subsequently,

another FLT can be employed to discover the majority of the neces-

sary source code.

6



1.2 The Motivation of Using Dynamic Feature
Location Techniques

In today’s software project development landscape, open source software is

widely adopted in both academia and the software industry, despite the dif-

ficulty of maintaining a stable team of software developers (Eghbal, 2020).

Approximately 60% of the effort in the software life-cycle is dedicated to

software maintenance activities (MILOUDI, CHEIKHI, ABRAN, & IDRI,

2022). A typical challenge arises when a new developer wishes to contribute

to an open-source software system. For instance, the developer might be

tasked with modifying, adding, or removing a specific functionality in the

software system. The developer must first identify the feature before carry-

ing out the requested software maintenance. Without appropriate tool sup-

port, finding the software feature can quickly become an insurmountable

task. Hence, this work aims to assist developers in utilizing and choosing

the necessary FLTs, with a primary focus on enhancing the process of se-

lecting the required DFLTs.

FL can be accomplished through static, textual, or dynamic analysis of

a software system. Dynamic analysis involves observing the system during

its operation. DFLTs involve conducting FL based on information obtained

from execution traces (Li, Cao, Ma, Shen, & Wong, 2022). The context of

these execution traces depends on the scenario or test suite that triggers the

software feature (Bittner et al., 2021). Developers can extract data relevant

to the displayed software feature using various techniques, such as execu-

tion trace slicing and sequential pattern mining (Sartipi & Safyallah, 2010).

Therefore, static and textual analyses can be integrated with dynamic anal-

ysis to carry out hybrid DFLTs.

Identifying the necessary source code for software feature maintenance

can be a daunting task when using a static solution. Solely relying on SFLTs
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without analyzing the software’s runtime behavior may not offer compre-

hensive assistance to developers (Razzaq, Ventresque, Koschke, De Lucia,

& Buckley, 2021). SFLTs require significant effort from developers to lo-

cate all dependencies in the source code. Developers strive to calculate

all assignment relations between program identifiers of methods, variables,

classes, and modules to implement SFLTs. A call graph can be used to visu-

alize the static dependencies in the source code to locate the software feature

(Salis, Sotiropoulos, Louridas, Spinellis, & Mitropoulos, 2021). However,

call graphs are typically large and difficult for developers to interpret. On

the other hand, DFLTs are needed to analyze only a portion of the source

code. DFLTs fundamentally rely on reverse engineering, where developers

analyze the execution trace to map the displayed software feature to the rel-

evant source code (Ghaleb, Alturki, & Aljasser, 2018). For an optimal solu-

tion, developers may combine SFLTs and DFLTs to locate a near-complete

set feature. For instance, a call graph can be constructed based on the col-

lected execution trace using DFLTs to locate all dependencies in the source

code.

TFLTs can assist developers by conducting textual search analysis in

the source code, but they are not capable of displaying call frequencies in

the source code. Textual analysis involves searching the entire source code,

which can be a complex task in a large program (Saifan & Obeidat, 2021). In

contrast, dynamic analysis examines only a portion of the system (Michelon,

Obermann, et al., 2021). It only analyzes the execution trace collected based

on the execution of a specific scenario. However, the research community

has acknowledged the necessity to integrate textual and dynamic techniques

into hybrid techniques to enhance feature location effectiveness (Michelon,

Linsbauer, et al., 2021). For instance, dynamic analysis monitors scenar-

ios where system features are exercised, resulting in execution traces of

code executed while exercising software features. In these collected traces,
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textual analysis refines the traces by statically analyzing common artifacts

and corresponding features. The goal of this textual analysis is to filter out

source code that is associated with multiple features.

Indeed, the integration of SFLTs, TFLTs, DFLTs enhances accuracy

by leveraging the benefits of information retrieval, execution tracing, and

dependency analysis pruning. Advanced Information Retrieval (IR) tech-

niques such as Vector Space Modelling (VSM), Latent Dirichlet Alloca-

tion (LDA), and Latent Semantic Indexing (LSI) have proven highly effec-

tive in determining relevance based on the similarity between terms used

in concern descriptions and program elements (Florez, Perry, Wei, & Mar-

cus, 2022). Meanwhile, execution-tracing-based feature location techniques

analyze the runtime behavior of a program to identify program elements ac-

tivated when a concern is exercised (Hammoudi, Mayr-Dorn, Mashkoor, &

Egyed, 2021). Finally, the static analysis aims to use the outputs of DFLTs

and TFLTs to find the near-complete set of FL by locating all dependencies

in the identified segments of the source code.

1.3 Monitoring the Software System at Runtime

Dynamic analysis involves gathering data from a system while it’s running.

In the context of DFLTs, dynamic analysis is employed to pinpoint feature

implementations. The process of feature location using dynamic analysis

necessitates the inclusion of three components for all types of DFLTs. These

components are defined as follows:

• Scenarios or Test Cases: A scenario for a software feature refers to

a series of actions that activate the feature within the system. These

actions can be a sequence of user inputs that initiate system activities

with observable outcomes, which are referred to as scenarios.
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• Instrumentation or Profiler Technique: This refers to a method or

solution that can be implemented on the software system to track and

record all data invoked during the execution of the software feature

by the scenario.

• Execution Trace: This refers to a finite sequence of events that oc-

cur during runtime. The logged data are represented as a text file

when the software feature is exercised by the scenario. Therefore, the

logged events are relied on both the scenarios and the instrumentation

techniques used.

Figure 1.2 depicts an illustration of the necessary components to perform

DFLTs. The targeted software system should be instrumented to generate

execution traces when a scenario exercises the software feature. Hence, the

scenario refers to the required input to exercise the instrumented software

feature. Note, each software feature can be exhibited by more than one

scenario.
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Figure 1.2: The main required elements to implement DFLTs to map the source code to the

relevant feature.

1.3.1 Formulating the Scenarios in Feature Location

Formulating a scenario is a pivotal element in the DFLTs in software en-

gineering. This process involves creating a specific use case or scenario

that triggers the software feature of interest. By executing this scenario,

we can monitor the system’s behavior and record which parts of the code
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are active when the feature is in use. The quality of the scenario directly

influences the effectiveness of DFLTs. A well-crafted scenario allows for

a comprehensive and accurate identification of the code implementing the

feature, thereby enhancing the overall quality of the DFLTs. Therefore, the

formulation of a precise and detailed scenario is an essential prerequisite for

effective dynamic feature location.

For example, the developers are required to devise appropriate scenarios

to exercise the functional software feature. Typically, one or more feature-

specific scenarios are created to invoke the feature of interest (Martinez et

al., 2018). In several DFLTs, software programmers manually formulate

two sets of scenarios (one of these scenarios exercises the software feature

of interest and another one exercises an irrelevant feature). These scenarios

are executed, and the relevant code is identified by comparing the differ-

ences between the set of executed units (Wilde & Scully, 1995; Koschke &

Quante, 2005; Huh & Kim, 2021).

1.3.2 Instrumentation in Feature Location

Instrumentation in the context of computer programming refers to the mea-

sure of a product’s performance to diagnose errors and write trace informa-

tion. It can be of two types: source instrumentation and binary instrumen-

tation. Instrumentation can be used for various purposes, such as profiling,

inserting timers into functions, and logging major events like crashes.

Profiling is a technique that measures dynamic program behaviors dur-

ing a training run with a representative input. It helps analyze properties of

a program that cannot be analyzed statically with sufficient precision, such

as alias analysis. Profiling can involve inserting timers into functions and

logging major events like crashes.

Generally, in DFLTs, instrumentation refers to the practice where devel-

opers insert logging code into the source code to record runtime information
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before executing the scenario. As a result, when a scenario exercises the in-

strumented software feature, an execution trace is generated that includes

all invoked events (Bogatinovski & Kao, 2023).

All DFLTs necessitate some form of instrumentation technique to pro-

file the invoked methods, classes, and other granularities. However, the ef-

fectiveness of the profiled events hinges on the quality of the instrumented

logging code. Log messages generated by high-quality logging code can

significantly facilitate various log analysis tasks, such as event monitoring

(Chen & Jiang, 2021).

Therefore, developers can configure the instrumentation technique to

profile events at a specific level of granularity, such as classes or methods.

1.3.3 Execution Traces in Feature Location

In software engineering, an execution trace is a record of the sequence of

events or operations that occur in a system during runtime. It is generated

when a software program is executed and provides a detailed account of the

activities within the system, such as method calls, variable changes, or sys-

tem states. Execution traces are particularly useful in debugging and perfor-

mance optimization, as they allow developers to track the flow of execution

and identify any anomalies or inefficiencies. They are also used in various

software analysis tasks, including feature location, program comprehension,

and reverse engineering.

In reverse software engineering, execution traces play a crucial role in

DFLTs. Execution traces, which are records of the sequence of events that

occur during the runtime of a system, provide valuable insights into the

dynamic behavior of exercised features by a scenario.

When a feature is activated, an associated execution trace is produced,

recording all the events triggered by that feature. Through analyzing these

traces, developers can link the executed events back to their respective source
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code, efficiently pinpointing the feature’s implementation. This methodol-

ogy proves especially valuable in extensive and intricate software systems,

where manual feature identification may be both time-intensive and prone

to errors.

Moreover, execution traces can be used in conjunction with static and

textual analysis techniques to improve the accuracy and comprehensiveness

of DFLTs. This combination forms what is known as HFLTs, which lever-

age the strengths of multiple analysis methods to provide a more effective

approach to feature location in reverse software engineering (Abbasli & Ga-

niz, 2021; Whitworth, 2022).

1.4 The Research Gap

The examination of three existing papers (Cornelissen, Zaidman, Van Deursen,

Moonen, & Koschke, 2009; Dit, Revelle, Gethers, & Poshyvanyk, 2013;

Rubin & Chechik, 2013) that describe FLTs, along with a subsequent lit-

erature review, indicated that DFLTs have been somewhat utilized in FLTs.

Specifically, among the DFLTs papers identified by (Dit, Revelle, Gethers,

& Poshyvanyk, 2013), 26 out of 60 papers employed dynamic analysis to

implement FLTs.

An additional literature review conducted by (Buzaid & Hammad, 2021b)

identified 32 more DFLTs papers published between January 2012 and De-

cember 2020 (refer to Section 2.4). Out of these 32, three papers exclusively

used DFLTs, leveraging only execution traces to apply FL. Among the re-

maining 29 papers, four unique approaches were discovered that combined

textual analysis with dynamic analysis to apply FL. The literature search

was then broadened to include relevant papers on static analysis, revealing

two more approaches that utilized execution traces for FL.

Despite the significant advancements in the use of software execution
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traces for feature location in software systems, there remains a notable re-

search gap. The primary challenge lies in the complexity and volume of

execution traces, especially in large-scale software systems. These traces

rely on the scenario or test case input that are used to exercise the software

features.

Furthermore, the effectiveness of using execution traces for feature loca-

tion heavily depends on the quality of test suites or scenarios used to gener-

ate these traces. Inadequate or poorly designed test suites may not invoke all

aspects of a feature, leading to incomplete or misleading execution traces.

DFLTs require suitable test suites or the creation of appropriate scenarios to

invoke only the traces related to a specific feature (Michelon, Linsbauer, et

al., 2021).

In addition, while DFLTs are effective, the quality of their outcomes is

contingent on analysts preparing adequate scenarios to exercise the features

(Hayashi et al., 2016). However, the literature has not sufficiently described

how to formulate accurate scenarios or test cases in DFLTs. Specifically,

existing approaches appear to use inappropriate or randomly arbitrary sce-

narios, often based entirely on the developer’s familiarity with the system,

to exercise the feature of interest (Zhao, Zhang, Liu, Sun, & Yang, 2006;

Kazato, Hayashi, Kobayashi, et al., 2013). In other words, analysts pre-

pare initial features, scenarios, and a mapping between them based on their

current understanding of the system under discussion.

Addressing these challenges could greatly enhance the effectiveness and

accuracy of feature location in software systems.
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Figure 1.3: The focus of this research.

In conclusion, as depicted in Figure 1.3, there is a significant research

gap at a high level in formulating the accurate scenario to exercise the soft-

ware feature. An instrumented functional software feature can be demon-

strated by several possible scenarios, and each scenario execution generates

a relevant execution trace. The content of the execution trace depends on

the scenario input. The accuracy of the output of using DFLTs to map the

source code to the exhibited feature relies on the content of the execution

trace, which in turn depends on the scenario input.

1.5 The Research Objectives

In this dissertation, we introduce an innovative technique to aid program-

mers in the creation, formulation, or reformulation of the necessary scenar-

ios or test cases for applying DFLTs. Our method is grounded in the analy-

sis of execution traces, a process we have termed Aggregation of Execution

Traces to Formulate a Scenario (AETFS). This process involves the collec-
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tion, aggregation, and analysis of execution traces from a software system

using a set of scenarios / test cases. The execution traces gathered com-

prise millions of detailed low-level execution events, which are obtained by

instrumenting real-world applications and documenting updates to the inter-

nal state and method calls. To utilize the information stored in the program

trace database, we present several high-level query interfaces. These inter-

faces enable a software developer using our tool to express their program-

ming intent and acquire the necessary scenario or test case for conducting

DFLTs.

To achieve the main objective, the following sub-goals were established:

• The goal is to develop a method to standardize the implementation

of DFLTs to address the scarcity issue in formulating accurate inputs

to exercise the software feature. The resulting approach is known as

AETFS.

• To conduct an empirical evaluation and fine-tune AETFS by deter-

mining the most effective configuration of the method.

• To compare a set of optimized configuration AETFS against state-of-

the-art baseline DFLTs, TDFLTs, and SDFLTs.

The comparison of the best-performing configuration of the AETFS to

the set of baselines identified a contradictory result: half of the subject sys-

tem in the experiment responded better to AETFS, and the other half re-

sponded better without using AETFS. Two post-hoc objectives were formu-

lated based on this finding:

• To characterize the two sets of the subject systems to determine any

differences related to their response to AETFS and existing solutions

in DFLTs, DFLTS, and SDFLTs.
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• To evaluate the potential for hybridization between the set of config-

urations in AETFS.

1.6 The Research Questions

The research question section of this thesis is divided into two integral sub-

sections, both of which are focused on addressing a key challenge in DFLTs:

the formulation of the required scenarios. The first subsection presents a

series of research questions that delve into this problem, exploring the intri-

cacies of scenario formulation and its impact on the application of DFLTs.

These questions lay the groundwork for our investigation, highlighting the

areas that need attention and improvement. The second subsection builds

on this foundation by proposing potential solutions to each research ques-

tion. These proposals outline various methodologies, metrics, and strategies

that could be employed to enhance the accuracy and efficiency of scenario

formulation in DFLTs. Together, these subsections provide a comprehen-

sive approach to tackling the central challenge of scenario formulation in

DFLTs.

1.6.1 Questions

The Goal-Question-Metric (GQM) approach is a structured method for defin-

ing and interpreting software metrics, ensuring that measurement activities

are aligned with specific goals. Developed in the early 1980s and piloted at

NASA Goddard Space Flight Center, GQM involves establishing goals, for-

mulating questions to refine these goals into information needs, and identi-

fying metrics to answer these questions (Caldiera & Rombach, 1994). This

approach provides traceability between measurements and organizational

goals, fostering a culture of continuous improvement (Caldiera & Rombach,

1994). In my research, I employ the GQM approach to systematically ad-
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dress the following research question, ensuring that the metrics used are

directly tied to the overarching goals of the study.

The following research question encompasses the direction of this re-

search:

Main Goal: Optimize scenarios or test cases to effectively exhibit soft-

ware features to assist DFLTs.

Main Research Question How can we measure the effectiveness of a

scenario or test case in exhibiting a software feature?

• Metric 1 Number of software features accurately exhibited by the

scenario or test case.

• Metric 2 The size of the collected execution traces.

The more detailed sub-questions answered in this work include:

Goal 1: Effectively formulate scenarios or test cases to exercise specific

software features in DFLTs.

RQ1 How can we measure the effectiveness of a formulated scenario or test

case in exercising a specific software feature?

• Metric 1.1 Number of software features accurately exercised by the

scenario or test case.

• Metric 1.2 The size of the collected execution traces.

Goal 2: Understand the impact of the accuracy of scenario formulation

on the performance of DFLTs.

RQ2 How can we measure the accuracy of a formulated scenario or test

case?

• Metric 2.1 Number of retrieved relevant methods / classes that are in-

voked when the targeted software feature is exercised by the scenario

or test case.
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• Metric 2.2 The size of the irrelevant retrieved data on the collected

execution traces.

Goal 3: Optimize the utilization of execution traces in the process of

feature location when using accurately formulated scenarios or test cases.

RQ3 How can we measure the optimal utilization of execution traces in the

process of feature location?

• Metric 3.1 The size of the collected execution traces comparing with

the dataset.

• Metric 3.2 the size of the located foothold in the execution trace com-

paring to the near-full-set feature in the execution trace.

The results from research question 3, suggested that some systems react

well to AETFS and others do not. This suggests a characterization of sys-

tems in terms of the DFLTs that be appropriately applied to them and that

dynamic approaches might not be beneficial. Hence, the following research

questions assess:

Goal 4: Identify the challenges and potential solutions in formulating

scenarios or test cases for DFLTs in large and complex software systems.

RQ4 What are the challenges in formulating scenarios or test cases for

DFLTs in large and complex software systems and what are the potential

solutions to these challenges?

• Metric 4.1 Number of identified challenges, and solution.

• Metric 4.2 Severity of each identified challenge, and solution.

• Metric 4.3 Frequency of occurrence of each identified challenge and

the effectiveness of each identify solution.

Goal 5: Improve the effectiveness and efficiency of scenario formula-

tion strategies in DFLTs.
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RQ5 How can we measure the effectiveness and efficiency of different sce-

nario formulation strategies in DFLTs?

• Metric 5.1 Scenario accuracy, the degree to which the scenarios abil-

ity to retrieve the required methods/classes in that related the exhibited

software feature.

• Metric 5.2 Scenario coverage, the extent of possible data that are cov-

ered by the formulated scenarios.

Goal 6: Develop tools or techniques to assist developers in formulating

accurate scenarios or test cases for DFLTs.

RQ6 What tools or techniques can be developed to assist developers in for-

mulating accurate scenarios or test cases for DFLTs?

• Metric 6.1 Tool/technique effectiveness, this could be measured by

the increase in accuracy of the scenarios or test cases formulated using

the developed tools or techniques.

• Metric 6.2 Ease of use, this could be measured by conducting user

studies to understand how easy it is for developers to use the devel-

oped tools or techniques.

Goal 7: Ensure the proposed solution to formulate the scenario test case

is being able to cover all aspects of the exercised feature.

RQ7 How can we ensure that the formulated scenarios or test cases cover

all aspects of the exercised feature?

• Metric 7.1 Coverage metric: this could be measured by the percent-

age of feature aspects that are covered by the formulated scenarios or

test cases.

• Metric 7.2 Quality metric: this could be measured by the number

of defects found during testing that were not covered by the initial

scenarios or test case.
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RQ8: What role does developer expertise play in scenario formulation

and how can this be incorporated into the DFLT process?

Goal 8: Incorporate developer expertise into the DFLTs process to en-

hance scenario formulation.

RQ8 What role does developer expertise play in scenario formulation and

how can this be incorporated into the DFLTs process?

• Metric 8.1 Expertise level: measure the level of expertise of the de-

velopers involved in the scenario formulation.

• Metric 8.2 Quality of scenarios: assess the quality of scenarios for-

mulated by developers with varying levels of expertise. This could

be measured by the accuracy of the scenarios in predicting outcomes

(dataset benchmark).

• Metric 8.3 Coverage of scenarios: evaluate the extent to which the

scenarios formulated by developers with varying levels of expertise

cover all aspects of the exhibited feature.

Goal 9: Leverage ML or artificial intelligence to automate or enhance

the scenario formulation process in DFLTs.

RQ9 How can ML or Artificial Intelligence (AI) be leveraged to automate

or enhance the scenario formulation process in DFLTs?

• Metric 9.1 Automation level: measure the extent to which the sce-

nario formulation process is automated.

• Metric 9.2 Enhancement level: assess the improvement in the quality

of scenarios formulated using ML or AI.

• Metric 9.3 Coverage: evaluate the extent to which the scenarios for-

mulated using ML or AI cover all aspects of the targeted software

feature.
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Goal 10: Standardize best practices for scenario formulation in DFLTs

across different projects or teams.

RQ10 What are the best practices for scenario formulation in DFLTs and

how can these be standardized across different projects or teams?

• Metric 10.1 Adoption rate: measure the percentage of AETFS solu-

tion that adopt the standardized best practices.

• Metric 10.2 Consistency: Assess the degree of consistency in sce-

nario formulation across different projects or software systems.

• Metric 10.3 Quality of scenarios: evaluate the quality of scenarios

formulated using the standardized best practices in retrieving the re-

lated method/classes for the exercised software feature.

1.6.2 Initial Proposed Solution to Answer Each Research

Question

This subsection addresses each research question in the thesis, focusing on

DFLTs. We propose initial solutions for scenario formulation and explore

how this can improve the accuracy of mapping source code to features.

Proposal RQ1: To address Goal 1 and answer RQ1, we propose the

following approach:

1. Formulation of Scenarios/Test Cases: We will develop a set of sce-

narios or test cases specifically designed to exercise the targeted soft-

ware features in DFLTs. These scenarios will be created based on the

functional requirements and expected behavior of the software fea-

tures.

2. Execution and Data Collection: The formulated scenarios or test

cases will be executed, and the resulting execution traces will be col-

lected. These traces will provide valuable data about the interaction
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of the software features during the execution of the scenarios or test

cases.

3. Evaluation of Effectiveness: The effectiveness of the scenarios or

test cases will be evaluated using the following metrics:

• Metric 1.1: The number of software features accurately exer-

cised by the scenario or test case. This will provide a quanti-

tative measure of how well the scenario or test case is able to

exercise the targeted features.

• Metric 1.2: The size of the collected execution traces. This will

give an indication of the complexity of the interactions among

the software features during the execution of the scenario or test

case.

By following this approach, we aim to provide a systematic and measur-

able way to assess the effectiveness of formulated scenarios or test cases in

exercising specific software features in DFLTs. This will contribute to the

overall goal of improving the accuracy and efficiency of feature location in

source code.

Proposal RQ2: To address Goal 2 and answer RQ2, we propose the follow-

ing approach:

1. Formulation of Scenarios/Test Cases: We will create scenarios or

test cases designed to exercise specific software features in DFLTs.

These will be based on the functional requirements and expected be-

havior of the software features.

2. Execution and Data Collection: We will execute the formulated sce-

narios or test cases and collect the resulting execution traces. These

traces will provide data about the interaction of the software features

during the execution.
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3. Evaluation of Accuracy: The accuracy of the scenarios or test cases

will be evaluated using the following metrics:

• Metric 2.1: The number of retrieved relevant methods/classes

invoked when the targeted software feature is exercised by the

scenario or test case. This will provide a quantitative measure of

the accuracy of the scenario or test case in exercising the targeted

features.

• Metric 2.2: The size of the irrelevant retrieved data on the col-

lected execution traces. This will give an indication of the amount

of noise in the data collected during the execution of the scenario

or test case.

By following this approach, we aim to understand the impact of the accuracy

of scenario formulation on the performance of DFLTs. This will contribute

to the overall goal of improving the accuracy and efficiency of feature loca-

tion in source code.

Proposal RQ3: To address Goal 3 and answer RQ3, we propose the follow-

ing approach:

1. Formulation of Scenarios/Test Case: We will create scenarios or test

cases designed to exercise specific software features in DFLTs. These

will be based on the functional requirements and expected behavior

of the software features.

2. Execution and Data Collection: We will execute the formulated sce-

narios or test cases and collect the resulting execution traces. These

traces will provide data about the interaction of the software features

during the execution.

3. Evaluation of Optimal Utilization: The optimal utilization of exe-

cution traces in the process of feature location will be evaluated using
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the following metrics:

• Metric 3.1: The size of the collected execution traces compared

with the dataset. This will provide a quantitative measure of the

amount of data collected during the execution of the scenario or

test case relative to the total available data.

• Metric 3.2: The size of the located foothold in the execution

trace compared to the near-full-set feature in the execution trace.

This will give an indication of the precision of the feature loca-

tion process.

By following this approach, we aim to optimize the utilization of execution

traces in the process of feature location when using accurately formulated

scenarios or test cases. This will contribute to the overall goal of improving

the accuracy and efficiency of feature location in source code.

Proposal RQ4: To address Goal 4 and answer RQ4, we propose the follow-

ing approach:

1. Identification of Challenges: We will conduct a comprehensive re-

view of existing literature and perform an in-depth analysis of large

and complex software systems to identify the challenges in formulat-

ing scenarios or test cases for DFLTs.

2. Proposing Potential Solutions: For each identified challenge, we

will propose potential solutions based on best practices, expert opin-

ions, and innovative ideas.

3. Evaluation of Challenges and Solutions: The challenges and solu-

tions will be evaluated using the following metrics:

• Metric 4.1: The number of identified challenges and solutions.

This will provide a quantitative measure of the breadth of the

issues addressed.
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• Metric 4.2: The severity of each identified challenge and the

effectiveness of each solution. This will provide an indication

of the impact of the challenges and the potential benefits of the

solutions.

• Metric 4.3: The frequency of occurrence of each identified chal-

lenge and the effectiveness of each identified solution. This will

give an indication of the prevalence of the challenges and the

practicality of the solutions.

By following this approach, we aim to identify the challenges and potential

solutions in formulating scenarios or test cases for DFLTs in large and com-

plex software systems. This will contribute to the overall goal of improving

the accuracy and efficiency of feature location in source code.

Proposal RQ5: To address Goal 5 and answer RQ5, we propose the follow-

ing approach:

1. Development of Scenario Formulation Strategies: We will develop

a variety of scenario formulation strategies for DFLTs. These strate-

gies will be designed to effectively and efficiently exercise specific

software features.

2. Application of Strategies and Data Collection: We will apply these

strategies to formulate scenarios or test cases, execute them, and col-

lect the resulting execution traces. These traces will provide data

about the interaction of the software features during the execution.

3. Evaluation of Effectiveness and Efficiency: The effectiveness and

efficiency of the scenario formulation strategies will be evaluated us-

ing the following metrics:

• Metric 5.1: Scenario accuracy, which measures the degree to

which the scenarios are able to retrieve the required methods/-
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classes related to the exhibited software feature. This will pro-

vide a quantitative measure of the accuracy of the scenario for-

mulation strategies.

• Metric 5.2: Scenario coverage, which measures the extent of

possible data that are covered by the formulated scenarios. This

will give an indication of the comprehensiveness of the scenario

formulation strategies.

By following this approach, we aim to improve the effectiveness and effi-

ciency of scenario formulation strategies in DFLTs. This will contribute to

the overall goal of improving the accuracy and efficiency of feature location

in source code.

Proposal RQ6: To address Goal 6 and answer RQ6, we propose the follow-

ing approach:

1. Development of Tools/Techniques: We will design and develop tools

or techniques that can assist developers in formulating accurate sce-

narios or test cases for DFLTs. These tools or techniques could in-

clude automated scenario generators, scenario validation tools, or ad-

vanced feature mapping algorithms.

2. Application and Evaluation of Tools/Techniques: We will apply

these tools or techniques in the process of scenario formulation and

evaluate their effectiveness and ease of use. This will involve formu-

lating scenarios or test cases using the developed tools or techniques,

executing them, and assessing the accuracy of the resulting scenarios

or test cases.

3. Evaluation of Tools/Techniques: The effectiveness and ease of use

of the developed tools or techniques will be evaluated using the fol-

lowing metrics:
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• Metric 6.1: Tool/technique effectiveness, which could be mea-

sured by the increase in accuracy of the scenarios or test cases

formulated using the developed tools or techniques. This will

provide a quantitative measure of the effectiveness of the tools

or techniques.

• Metric 6.2: Ease of use, which could be measured by conduct-

ing user studies to understand how easy it is for developers to

use the developed tools or techniques.

By following this approach, we aim to develop tools or techniques that can

assist developers in formulating accurate scenarios or test cases for DFLTs.

This will contribute to the overall goal of improving the accuracy and effi-

ciency of feature location in source code.

Proposal RQ7: To address Goal 7 and answer RQ7, we propose the follow-

ing approach:

1. Formulation of Scenarios/Test Cases: We will develop scenarios or

test cases for DFLTs that aim to cover all aspects of the exercised fea-

ture. These scenarios or test cases will be based on a comprehensive

understanding of the feature’s functionality, behavior, and interactions

with other features.

2. Execution and Data Collection: We will execute these scenarios or

test cases and collect the resulting execution traces. These traces will

provide data about the interaction of the software features during the

execution.

3. Evaluation of Coverage and Quality: The coverage and quality of

the scenarios or test cases will be evaluated using the following met-

rics:

• Metric 7.1: Coverage metric, which could be measured by the
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percentage of feature aspects that are covered by the formulated

scenarios or test cases. This will provide a quantitative measure

of the comprehensiveness of the scenarios or test cases.

• Metric 7.2: Quality metric, which could be measured by the

number of defects found during testing that were not covered by

the initial scenarios or test case. This will provide an indication

of the quality of the scenarios or test cases and their ability to

detect defects.

By following this approach, we aim to ensure that the formulated scenarios

or test cases cover all aspects of the exercised feature. This will contribute

to the overall goal of improving the accuracy and efficiency of feature loca-

tion in source code.

Proposal RQ8: To address Goal 8 and answer RQ8, we propose the follow-

ing approach:

1. Incorporation of Developer Expertise: We will incorporate devel-

oper expertise into the DFLTs process. Developers with varying lev-

els of expertise will be involved in the formulation of scenarios or test

cases. Their insights, knowledge, and experience will be leveraged to

enhance the quality and coverage of the scenarios or test cases.

2. Evaluation of Developer Expertise and Scenario Quality: The role

of developer expertise in scenario formulation will be evaluated using

the following metrics:

• Metric 8.1: Expertise level, which measures the level of exper-

tise of the developers involved in the scenario formulation. This

will provide a quantitative measure of the developers’ knowl-

edge and experience.
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• Metric 8.2: Quality of scenarios, which assesses the quality of

scenarios formulated by developers with varying levels of exper-

tise. This could be measured by the accuracy of the scenarios in

predicting outcomes (dataset benchmark). This will provide an

indication of the effectiveness of incorporating developer exper-

tise into the DFLTs process.

• Metric 8.3: Coverage of scenarios, which evaluates the extent to

which the scenarios formulated by developers with varying lev-

els of expertise cover all aspects of the exhibited feature. This

will provide a measure of the comprehensiveness of the scenar-

ios or test cases.

By following this approach, we aim to incorporate developer expertise into

the DFLTs process to enhance scenario formulation. This will contribute to

the overall goal of improving the accuracy and efficiency of feature location

in source code.

Proposal RQ9: To address Goal 9 and answer RQ9, we propose the follow-

ing approach:

1. Leveraging ML/AI We will leverage ML or AI techniques to auto-

mate or enhance the scenario formulation process in DFLTs. This

could involve using ML algorithms to predict effective scenarios, or

AI techniques to generate scenarios that cover a wide range of feature

aspects.

2. Application and Evaluation of ML/AI: We will apply these ML/AI

techniques in the process of scenario formulation and evaluate their

effectiveness in terms of automation, enhancement, and coverage.

This will involve formulating scenarios using the developed ML/AI

techniques, executing them, and assessing the quality and coverage of

the resulting scenarios.
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3. Evaluation of ML/AI Techniques: The effectiveness of the ML/AI

techniques will be evaluated using the following metrics:

• Metric 9.1: Automation level, which measures the extent to

which the scenario formulation process is automated using ML/AI.

This will provide a quantitative measure of the level of automa-

tion achieved.

• Metric 9.2: Enhancement level, which assesses the improve-

ment in the quality of scenarios formulated using ML/AI. This

will provide an indication of the effectiveness of the ML/AI

techniques in enhancing the scenario formulation process.

• Metric 9.3: Coverage, which evaluates the extent to which the

scenarios formulated using ML/AI cover all aspects of the tar-

geted software feature. This will provide a measure of the com-

prehensiveness of the scenarios formulated using ML/AI.

By following this approach, we aim to leverage ML or AI to automate or

enhance the scenario formulation process in DFLTs. This will contribute to

the overall goal of improving the accuracy and efficiency of feature location

in source code.

Proposal RQ10: To address Goal 10 and answer RQ10, we propose the

following approach:

1. Identification of Best Practices: We will conduct a comprehensive

review of existing literature, case studies, and expert opinions to iden-

tify the best practices for scenario formulation in DFLTs.

2. Standardization of Best Practices: We will develop a standardized

set of best practices that can be applied across different projects or
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teams. This could involve creating guidelines, checklists, or templates

for scenario formulation that incorporate the identified best practices.

3. Implementation and Evaluation of Best Practices: We will imple-

ment these standardized best practices in different projects or teams

and evaluate their effectiveness in terms of adoption rate, consistency,

and quality of scenarios. This will involve formulating scenarios us-

ing the standardized best practices, executing them, and assessing the

quality and consistency of the resulting scenarios.

4. Evaluation of Standardized Best Practices: The effectiveness of

the standardized best practices will be evaluated using the following

metrics:

• Metric 10.1: Adoption rate, which measures the percentage of

AETFS solutions that adopt the standardized best practices. This

will provide a quantitative measure of the acceptance and imple-

mentation of the best practices.

• Metric 10.2: Consistency, which assesses the degree of consis-

tency in scenario formulation across different projects or soft-

ware systems. This will provide an indication of the uniformity

and standardization achieved through the best practices.

• Metric 10.3: Quality of scenarios, which evaluates the quality

of scenarios formulated using the standardized best practices in

retrieving the related methods/classes for the exercised software

feature. This will provide a measure of the effectiveness of the

best practices in improving the quality of scenarios.

By following this approach, we aim to standardize best practices for sce-

nario formulation in DFLTs across different projects or teams. This will

contribute to the overall goal of improving the accuracy and efficiency of
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feature location in source code.

1.7 Contributions

The original contributions of this work to the existing knowledge include:

• A novel approach to select the required input to apply DFLTs - AETFS.

• Empirically determining the best configuration of AETFS with re-

spect to the selected instrumentation technique, and execution trace

analysis.

• Partially characterizing its applicability in therm of system charac-

terises.

• The implementation of AETFS, its configuration, the hybrid approach,

and accumulating existing work in DFLTs, TDFLTs, and SDFLTs as

open-source tools, available to other researchers.

The specific findings of this work suggest that certain configurations of

AETFS result in a better performance. A broader implication (and contribu-

tion) for DFLTs research is in need to optimize the DFLTs’ input (scenarios

or test cases), because, as was the case in this work, selected the optimal

scenario or test cases to exhibit the software feature and generate the re-

quired execution trace may significantly enhance the performance of the

DFLTS. Currently, and in contrast, the research direction of DFLTs has ad-

justed towards combinations of approaches and new approaches like query

expansion. This work suggests that when implementing such approaches,

practitioners should also concentrate on determining the most optimal sce-

nario to perform the task DFLTs.
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Likewise, it was also found that characteristics of the scenarios or test

cases have a significant impact on the effectiveness of the new approach.

Currently, DFLTs employ ”one-approach-fits-all” strategy when selecting

the required scenario in the DFLTs. The finding of this work implies, that

it could be valuable for future research to characterize software systems

toward picking more optimal DFLTs for the system (or the most optimal

instrument configuration of such DFLTs) to efficiently work with that par-

ticular type of the software.

1.8 Thesis Outline

This work is organized in the following structure:

• In Chapter 2 summarizes the related work and identifies the research

gap. The chapter begins with an introduction to the literature re-

view research gap. The reviewed material covers the definitions and

background of FL, the input of DFLTs, instrumentation techniques in

DFLTs, and the type of analysis used in DFLTs. The review section

includes a systematic literature review protocol that covers publica-

tions in DFLTs between 2013 and 2020. Additionally, a taxonomy of

DFLTs is presented with examples for each category, focusing on TD-

FLTs and SDFLTs in particular. A discussion of the trends in DFLTs

going forward and how they are evaluated is also included. The chap-

ter concludes with a discussion of more specifically related work: the

input paucity problem in DFLTs and how standardizing the process of

DFLTs has been a problem in past research work.

• Chapter 3 of this thesis introduces a new method that uses execution

traces to aggregate data from the instrumented system. The method is

called AETFS and is described in detail. The chapter begins by pre-
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senting the significant steps of the approach, followed by an in-depth

description of each step. The chapter then describes the difficulties

and peculiarities of filtering execution traces using advanced IR tech-

niques such as LSI, LDA, and VSM. Finally, the chapter concludes

with an elaboration of implementation details.

• In Chapter 4, it explores the experiments and case studies conducted

for AETFS. The first experiment and case study focuses on using text

queries to retrieve information related to the exercised feature. The

second case study and experiment demonstrate how execution traces

can be divided into segments. It provides details on how developers

can exclude irrelevant segments to reformulate the required scenario

for optimal DFLTs. Lastly, the third experiment and case study in-

vestigates the effectiveness of using UML diagrams in the AETFS

approach. Each experiment and case study is accompanied by details

that illustrate how practical work is implemented, along with a guide-

line for replicating the work in further research investigations.

• In Chapter 5, the results of Chapter 4 are discussed to demonstrate the

most effective configuration of AETFS. The best-performing config-

uration (subsection 4.2) was compared against TDFLTs (subsection

4.1) and SDFLTs (subsection 4.3). The analysis revealed a dichotomy

in the results, with some systems responding better to AETFS and oth-

ers to the baseline systems. Consequently, the subject systems of the

experiment were characterized based on this dichotomy. The discov-

ery of this dichotomy also prompted the proposal to combine the three

approaches: AETFS, TDFLTs, and SDFLTs. The best-performing

configuration of AETFS is used in conjunction with the TDFLTs ap-

proach to evaluate their combined effectiveness. This chapter presents

the results, their analysis, and a detailed discussion.
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• Chapter 6 is a crucial part of any research work. It serves as a sum-

mary of the entire study, highlighting the key contributions and find-

ings. In this chapter, the results are generalized to draw broader con-

clusions and implications for academic and industrial applications.

Additionally, it provides directions for future work and identifies po-

tential threats to the validity of the findings.
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Chapter 2

Literature Review

2.1 Literature Review

Many works have been published to illustrate the recent research activities in

Feature Location (FL). This chapter provides the readers with a comprehen-

sive overview of the literature review of the well-known papers in Feature

Location Techniques (FLTs). Mainly focus on dynamic analysis. The search

scope included articles produced up to, and including, 2020. The literature

review was categorized into several sections, starting from the background

of the research and ending with a conclusion about the finding in Dynamic

Feature Location Techniques (DFLTs).

The background of the research was introduced in the first section. The

section starts with the definition of FL. It defined each category of FL, such

as DFLTs, Static Feature Location Techniques (SFLTs), Textual Feature

Location Techniques (TFLTs), and Hybrid Feature Location Techniques

(HFLTs). Next, the section includes a brief background of DFLTs com-
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ponents.

The second section funnels to more specifically related work: the vo-

cabulary paucity problem in DFLTs. It described how the existing materials

had been leveraged to address the DFLTs problem.

The identified materials were reviewed in the third section. The section

starts with a taxonomy of FLTs with concrete examples for each category.

Next, the DFLTS and their underlying analysis were focused on. This is

followed by a section to conclude with a discussion of how DFLTs were

evaluated and highlights the trends in type techniques from now on.

The conclusion was presented in the last section of the literature review

chapter. It showed the reader a summary of the research finding in DFLTs.

Mainly focused on the current problem in the research domain and presented

a possible solution.

2.2 Dynamic Feature Location Background

To present the reader with the area of DFLTs, we have to define FL first

and show the main categories of FL. Figure 2.1 illustrates the architecture

of the DFL background. The Full Dynamic Feature Location Techniques

(FDFLTs) are shown in Figure 2.1(a), using test cases or scenarios to gener-

ate execution traces, then map the source code to the relevant feature based

on the execution trace.

However, Figure 2.1(b) shows the architecture of the Hybrid Dynamic

Feature Location Techniques (HDFLTs) background. It uses both execution

trace and static source code to perform FL. Query input is used on the static

approach to search in the source code, and scenarios or test cases are used

to exhibit the instrumented software feature on the dynamic side.
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2.2.1 Definitions of Feature Location

When the developers maintain existing software, they intuitively map its

features to the relevant source code to process the maintenance. Formal

definitions have to define mapping features to the source code. Dit et al.

(Dit, Revelle, Gethers, & Poshyvanyk, 2013) defined the FL as locating the

initial point in the source code used to implement a functional feature in the

software system. Razzaq et al. (Razzaq et al., 2020) locate two aims of

FLTs, a foothold to locate an initial point of the feature in the source code

and a near-full feature to locate all the source code required to update or

construct the required feature. FL is classified into three major types: Static

Feature Location Techniques (SFLT), Textual Feature Location (TFLTs),

and DFLTs.

SFLTs aim to map source code to the software feature based on the struc-

tural dependencies of the source code component. For example, a point in

the source code, such as a method, can be selected as a foothold in the source

code to represent a feature. Static analysis inspects all outgoing calls and

all incoming calls for that selected method to construct a near-full set of

elements in the source code.

TFLTs utilize the meaningful textual information in the source code to

introduce software features in the source code. For example, meaningful

methods identifier names, meaningful comments in the source code, and

meaningful folder names can be used by lexical analysis to provide a feature

concept in the source code based on the textual description.

DFLTs use a scenario or test case to execute the desired feature of the

software system to generate an execution trace. It utilizes the profiled data

on execution trace to perform FL. For example, the execution trace can be

analyzed to locate all invoked methods when exhibiting a feature to deter-

mine all appropriate techniques required to construct the exercised feature.
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2.2.2 Input of DFLTs

Developers can use DFLTs during the software maintenance phase. There

are several forms of input in DFLTs. Some standard input types can be a test

case, a scenario, a query, a source code artifact, or any combination of these.

The scenario is a set of steps that are carried out to exhibit a desired func-

tional feature in the instrumented software system to generate an execution

trace. The query in DFLTs can be used as a set of words in natural language

to retrieve events from the execution trace or the source code based on the

execution trace. A source code artifact can be any code, such as methods or

classes. For instance, any level of the code element is used as an input in

DFLTs to locate the relevant source code or the appropriate feature.

However, in the context of DFLTs, Behavior Driven Development (BDD)

can be utilized to formulate scenarios for exercising software features. Lever-

aging the principles from the paper “Predicting Co-Changes between Func-

tionality Specifications and Source Code in Behavior Driven Development”

(A. Z. Yang, da Costa, & Zou, 2019), we can create a bridge between feature

specifications and source code (Savage et al., 2010). The Gherkin language,

a cornerstone of BDD, can be dynamically used to write human-readable

scenarios that describe the behavior of the software feature (Koschke &

Quante, 2005). These scenarios, written in Given-When-Then format, serve

as both documentation and automated tests. For instance, a developer unfa-

miliar with the software system could write a Gherkin scenario to describe a

feature’s behavior, then use DFL techniques to map this high-level descrip-

tion to specific source code (Revelle & Poshyvanyk, 2009). This approach

enhances traceability and understanding of the system, particularly for de-

velopers new to the project.
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2.2.3 Instrumentation Techniques in DFLTs

All types of DFLTs require profiling or instrumentation techniques to gen-

erate execution traces when features are exhibited by scenarios or test cases.

Instrumentation in DFLTs refers to using class load to trace the data on the

byte code level. Java Platform Debugger Architecture (JPDA)1 can be used

as an instrumentation tool to collect traces when a scenario exhibits a fea-

ture. Marked traces can be generated by using the JPDA profiler. Java

Virtual Machine (JVM) is launched when JPDA is initiated to trace the

Java program. Another Java-based instrumentation technique is called Java

Agent2. It allows tracing the invoked methods at the byte-code level for the

existing compiled classes.

Profiler in DFLTs refers to using a source code-level probe to gener-

ate an execution trace. Markup tags-based instrumentation called srcML

(Collard & Maletic, 2016) can be used to create execution traces. The sr-

cML layout is an XML characterization for software source code, where the

markup tags link feature of the abstract syntax for the programming lan-

guage. The srcML program is defined as a command-line application for

turning source code to srcML, an interface for examining, inspecting, and

controlling source code in this form and altering srcML back to source code.

The contemporary srcML supports C/C++, C#, and Java.

2.2.4 Type of Analysis in DFLTs

DFLTs are based on dynamic analysis relying on the execution trace to lo-

cate the feature on the source code. It is performed by analyzing the invoked

events on the execution trace when a scenario or test case exercises the fea-

ture. The execution traces are generated by instrumenting the source code or
1https://docs.oracle.com/javase/8/docs/technotes/guides/jpda/
2https://www.baeldung.com/java-instrumentation
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using a profiling tool. Generated execution traces can be compared against

each other to filter irrelevant events to locate the relevant event to the feature

(Wilde & Scully, 1995).

Textual analysis can be combined with the DFLTs to perform Textual

Dynamic Feature Location Techniques (TDFLTs) to locate the software

feature in the source code. The idea of the combination is to use the in-

voked events on the execution trace as a foothold to analyze the source code

to locate a near-full set of features in a further process (Sulı́r & Porubän,

2017b). For example, a method profiled on the execution trace, an appropri-

ate method for the feature, can be used as an input query to find the proper

method on the source code. The output could be a list of source code ele-

ments related to the exhibited feature.

The dynamic part gathers the invoked events when a scenario or test case

exercises the desired feature. Then, a filtering technique is implemented to

select the relevant events from the execution trace for further analysis. The

selected data from the execution trace can be used as input into the source

code to find their relevant data based on the events’ dependencies. For ex-

ample, a static dependency graph can allocate the dependencies for each

input event in the source code. Static analysis can be combined with DFLTs

to present Static Dynamic Feature Location Techniques (SDFLTs) for show-

ing the dependencies on the feature source code based on the execution trace

input.

Textual, static, and dynamic analysis are combined to formulate a tech-

nique called Textual Static Dynamic Feature Location Techniques (TSD-

FLTs). The invoked methods or classes profiled in the execution traces can

be used as input in either static or textual analysis to locate the feature in

the source code. A static dependency graph can be combined with textual

analysis techniques to improve the accuracy of FL.
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2.3 Review of Publications

Herein, an overview of the related work to comprehend source code is rep-

resented in Subsection 2.3.1. Subsection 2.3.2 introduces a full dynamic

approach of FL. Subsection 2.3.3 outlines several research studies about the

hybrid approach of FLTs.

2.3.1 Footstep to Comprehend Source Code

One direction in the software engineering research venues is to assist soft-

ware practitioners, and developers in comprehending source code before

processing software maintenance. Sulir (Sulı́r, n.d.) introduced a short lit-

erature review to summarize the research field of program comprehension

theories. A brief introduction of DFLTs, tools, and results was presented

to understand the concept behind mapping the source code to the relevant

feature.

Using FLT is the main key to comprehending the source code and identi-

fying an initial point in the source code used to construct a function feature

in a software system. Dit et al. (Dit, Revelle, Gethers, & Poshyvanyk,

2013) excelled in details about FLTs. He studied eighty-nine articles about

FL and classified FLTs into SFLTs, Textual Feature Location Techniques

(TFLTs), DFLTs, and Hybrid Feature Location Techniques (HFLTs). At the

same time, Rubin et al. (Rubin & Chechik, 2013) explained in more detail

the classification of FL and classified the output of FLTs into guided and

unguided output. In contrast, another study proposed a guideline for prac-

titioners in the industry to select FLTs based on their needs. Foothold or

near-full of FL was the key to the selection to opt FLTs by the practitioners.

A prominent work in the dynamic analysis was presented in a systemic

survey to provide an overview of a large research body in DFLTs. Cor-

nelissen et al. (Cornelissen et al., 2009) reported a survey paper in dynamic
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analysis to show the common DFLTs trending in research between 1999 and

2008.

2.3.2 Full Dynamic Approach of Feature Location

Analyzing the execution trace is the main principle of conducting a DFLTs.

Muller et al. (Müller & Eisenecker, 2019) used Formal Concept Analysis

(FCA) to analyze the generated execution trace to map the source code to the

relevant feature. The proposed solution identified the relationship between

the source code and the software feature based on extracting the software

properties from the execution trace. When the relation was allocated, the

FCA used a set of theories to identify whether the feature was a single,

combination, or negation feature in the targeted analyzed system. Another

use for FCA was proposed by Nakano et al. (Nakano, Noda, Hayashi, &

Kobayashi, 2017). He used the FCA to filter the execution trace to increase

the accuracy of performing DFL. The odds ratio and similarity coefficient

concepts represent the relationship between the desired feature and the rel-

evant source code.

Generated execution traces mainly rely on inputting scenarios or test

cases to exhibit a desired software feature. Eisenberg et al. (Eisenberg &

De Volder, 2005) proposed using test cases created under Test Driven De-

velopment (TDD) to exercise the desired feature. The generated execution

trace contained all the methods invoked when executing test cases. Ranking

heuristics techniques were implemented to identify code artifacts relevant

to the exercised feature. Another solution was proposed by CAI et al. (Cai,

Yang, Wang, & Kavs, 2012) to use a single scenario or test case to generate

an execution trace. He used a control flow analysis to extend the execu-

tion trace and allocate all invoked classes. However, Ziftci et al. (Ziftci

& Krüger, 2012) proposed using association rule learning on a set of la-

beled test-cases, i.e., test-cases labeled with the features they exercise in the
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existing test-suite of the system, to locate features in source code.

2.3.3 Hybrid Approach in Dynamic Feature Location

Combining the DFLTs approach with SFLTs presents the correlation be-

tween using two techniques to enhance the accuracy of carrying FLTs. Ro-

hatgi et al. (Rohatgi, Hamou-Lhadj, & Rilling, 2009) proposed HDFLTs

solution by combining the SFL and DFLTs approaches. DFLTs approach

generated execution traces by exercising the desired feature. The compo-

nent dependency graph was the main static approach to rank the software

artifact based on the similarity between components on the execution trace

and the source code. The ranking system measured the impact of the soft-

ware’s granularity that appeared on the execution trace against the source

code in the rest of the system. A dependency graph was created to illustrate

the dependencies between classes profiled on the execution trace when the

feature was exhibited by scenario or test case. Each node in the constructed

graph represented a class.

Textual analysis can be combined with dynamic analysis to cover the

limitation of each study in performing FL. Sulir et al. (Sulı́r & Porubän,

2017b) created a tool called RuntimeSearch: Ctrl+F for a Running Program

based on dynamic and textual analysis. The tool was used as an instrumenta-

tion solution at Java Virtual Machine (JVM) level to find the User Interface

(UI) text string occurrence at runtime. The located text string in the exe-

cution trace was used as a foothold to find a similar event of the located

string in the source code to develop a near-full feature in a further stage.

The tool principle was based on treating the running program as a series of

expression evaluations. Every captured string on the system was compared

against the invoked string at the runtime. The result of the dynamic analy-

sis mapped to the textual research in the source code to locate all possible

software artifacts related to the feature.
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Static, textual, and dynamic analysis techniques can be combined to per-

form FL. Eaddy et al. (Eaddy, Aho, Antoniol, & Guéhéneuc, 2008) created

a prune dependency analysis technique that combined information retrieval,

execution trace, and prunes dependency analysis. The textual analysis ap-

proach used the IR technique to parse source code and extracts comment

and identifiers, including the names of methods, to create a semantic anal-

ysis. Names were split into separate names based on standard naming con-

ventions. In the dynamic analysis, the desired feature was exercised by a

scenario to generate an execution trace. Each method in the execution trace

was scored by using three dynamic feature location metrics, Software Re-

connaissance (SR) (Wilde & Scully, 1995), Dynamic Feature Trace (DFT)

(Antoniol & Guéhéneuc, 2006), and Scenario-Based Probabilistic Ranking

(SPR) (Eisenberg & De Volder, 2005). The output was a list of ranked meth-

ods related to the exercised feature. The solution used a directed program

dependency graph to illustrate the dependencies of the elements based on

the initial seed point, which was a result of applying a threshold to iden-

tify highly relevant elements based on the result of the textual and dynamic

analysis.

2.4 Systematic Literature Review

The literature search protocol was adjusted to locate the recent publica-

tions in software maintenance and how the FL approach is used as the

primary solution to comprehend the existing software system. Gracia’s

guideline for performing literature review (Garcı́a Holgado, Marcos Pablos,

Garcı́a Peñalvo, et al., 2020) was applied to locate a list of publications, and

only part of them are selected in this review paper based on several essential

principles that are illustrated in the coming sections.
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2.4.1 General Setting for Search Techniques

The target was defined to analyse the current and recent publications that

are relevant to FL. Scopus3 is the digital library that is used to search for the

following search strings:

• Feature location in source code

• Dynamic feature location in source code

Table 2.1 outlines the search parameters used for analyzing current and

recent publications relevant to Feature Location (FL). The search was con-

ducted using the digital library Scopus. The search strings used were “Fea-

ture location in source code” and “Dynamic feature location in source code”.

The search was limited to publications in the subject of Computer Science

and in the English language. The variability in the search criteria was based

on the search query terms and the year of the publications. All other settings

remained on Scopus’s default setting. This systematic approach ensures a

comprehensive and relevant collection of literature for the analysis.

Parameter Description
Digital Library Scopus4

Search Strings ”Feature location in source code”, ”Dynamic feature location in source code”

Subject Computer Science

Language English

Variability Based on search queries terms and year of publications

Other Settings Scopus’s default setting

Table 2.1: Table of Search Parameters for Feature Location Publications

3https://www.scopus.com/
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2.4.2 General Setting for Reading Process

Figure 2.2 reveals the number of scientific publications among two topics,

FLTs, and DFLTs, in the period 2012-2020. It gives an impression of how

DFLTs are widely investigated compared with the general topic in FLTs.

Gray bars indicate the number of publications in DFLTs, which is a subset of

FLTs. Black bars show the number of publications in FLTs, which includes

all types of FLTs. For instance, the number of publications in 2020 for FLTs

is 477, while the number of publications in the same year for DFLTs is 174.

FLTs bars indicate all types of FLTs, including DFLTs, TSDFLTs, TDFLTs,

and another unclassified venue under the FLTs domain. DFLTs bars show

only the number of publications in a certain field in FL.

Figure 2.2: The number of scientific publications referring to the search of FLTs and DFLTs

in the period 2012-2020. Source: Scopus (accessed on 31 March 2021).

Comparison of DFLTs with FLTs, in general, announced that DFLTs

have been less investigated in software maintenance than the general FLTs
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venue due to the challenges of understating the system at runtime. Figure

2.2 illustrates the changes of the number of publications in FLTs and DFLTs

between 2012 and 2020. The result for all years shows the number of pub-

lications in DFLTs is 1061 which is less than the number of publications in

FLTs which is 2448.

2.5 Analysing the Finding of the Systematic Re-
view

2.5.1 Common FL Techniques Used in Publications

DFLTs utilize the information from a running system to map a software

feature to the relevant source code. Figure 2.3 classifies DFLTs into five

sections based on a pilot study in DFLTs between 2012 and 2020. The

suggested classification aims to categorize the work into five sections, FD-

FLTs, TDFLTs, SDFLTs, TSDFLTs, and others. The initial search query on

Scopus is embedded by the type of the analysis such as Static, Dynamic,

Textual, or a combination between more than one type to obtain the statis-

tics result. TSDFLTs merges three techniques, textual, static, and dynamic

analysis. It has the lowest number of research work in DFLTs with 68 pub-

lications between 2012 and 2020. TDFLTs combines the dynamic analysis

with textual analysis to perform FL has 122 publications. SDFLTs pro-

pose to combine static analysis and dynamic analysis to map features to the

source code. It has 402 publications between 2012 and 2020. FDFLTs has

254 publications that use only execution trace to implement FL. Lastly, oth-

ers show the number of papers that have fallen into the DFLTs domain, yet

have not been classified into either FDFLTs, SDFLTs, TSDFLTs, or TD-

FLTs.
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Figure 2.3: Number of techniques used.

2.5.2 Classification of DFLTs

DFLTs consist of a large variety of models in continuous evaluation, pro-

viding uncertain borderlines and cross relationships. In addition, other as-

pects and applications could guide different classifications. Thus, it is not

possible to select or create one universal taxonomy for all problems and so-

lutions from DFLTs literature. Yet the depicted taxonomy can be presented

based on an original view to identifying the diversity among the multiple

techniques that are implemented in DFLTs, as drawn in Figure 2.4. It is

adapted to DFLTs and prevent representing any FLTs that do not include

a dynamic solution. The first unique evidence in Figure 2.4 is to classify

the DFLTs into four branches, each one has a dynamic approach. FDFLTs,

TDFLTs, SDFLTs, and TSDFLTs can be further characterized into several

sub-branches, and execution trace is the common sharing approach between
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all branches in the taxonomy. The corpus-based analysis is applied in two

techniques, TSDFLTs and TDFLTs. Dependencies analysis is covered in

two FL solutions, TSDFLTs and SDFLTs.

Figure 2.4: The main classification of DFLTs Taxonomy.

2.5.3 A Common Shared Applications in DFLTs

Table 2.2 reports the main applications which are proposed to spotlight

DFLTs that were located in earlier research. Rows indicate the reference
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of publications that described DFLTs. Columns represent the certain ap-

plication that is used as a part of the DFLTs solution. Each cell indicates

whether the technique is implemented or not. When the cell is empty, it

points that, to the best of our knowledge, the technique is not used in the pre-

sented references. This table shows that three techniques are applied to all

considered references in DFLTs. The corpus-based solution is categorized

into three techniques, LSI, LDA, and VSM. Execution trace is classified

into two sections. Profiler when the solution uses an external tool to profile

all invoked events, and bytecode instrumentation if the DFLTs instrument

the source code to profile invoked events. Dependencies are classified into

control flow or call graph diagrams to show the relation between the source

code or the execution traces.

The Table 2.2 you provided is a classification view of the most com-

mon techniques used in DFLTs. It lists various research references along

the left column and different techniques along the top row. The techniques

are divided into three categories: Corpus-based, Execution Traces, and De-

pendencies.

Each row in the table corresponds to a specific reference or set of ref-

erences. The checkmarks in the cells indicate which techniques are used in

the corresponding reference. For example, the first row indicates that the

references (Cruz, Figueiredo, & Martinez, 2019; Razzaq et al., 2020) use

all the listed techniques.

The Corpus-based category includes techniques such as LSI, LDA, and

VSM. The Execution Traces category includes techniques such as Profiler

and Bytecode Instrumentation. The Dependencies category includes tech-

niques such as Control Flow and Call Graph.

This table provides a comprehensive overview of the techniques used in

various studies on DFLTs, allowing for easy comparison and understanding

of the common methods in this field.
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The references listed in the Table 2.2 are those that have employed the

techniques categorized under Corpus-based, Execution Traces, and Depen-

dencies in the field of DFLTs. They are listed because they provide a diverse

range of methodologies and approaches within this field. The selection of

these specific references helps to illustrate the breadth and depth of tech-

niques used in DFLTs, and serves as a representative sample for researchers

and practitioners interested in this area. However, it’s important to note that

while these references are indicative of the work done in this field, they

do not encompass all the research in DFLTs. There may be other relevant

studies not included in this table.

2.5.4 Challenges

Being able to create a software system and having a confidence level in cod-

ing is a prerequisite for program comprehension activities, particularly for

DFLTs approaches that connect runtime information with the source code.

A comprehension study in DFLTs shows several difficulties that can de-

crease the usability of mapping source code to the relevant software feature

via analyzing the system’s actual behavior. Project size and age are the main

vectors to create the most frequent error related to software dependencies.

For instance, relying on the existing tools in DFLTs to solve FL problems

in Java projects from GitHub ended with a failure in 38 % of cases (Sulı́r,

n.d.).

DFLTs, like other feature location methods, encounter a variety of is-

sues and challenges. Many of these challenges are associated with different

IR techniques such LSI, LDA, or VSM (Oliveto, Gethers, Poshyvanyk, &

De Lucia, 2010). The most common and significant challenges lie in the

precision and recall of the data retrieved. The accuracy of precision and

recall in DFLTs depends on the execution trace generated, as well as the

quality of the query. For example, when a feature is activated, the resulting
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execution trace may contain numerous irrelevant events, increasing the like-

lihood of lower precision and recall accuracy. As a result, it’s essential to

filter execution traces before applying any IR technique to construct DFLTs.

DFLTs’ issues and challenges are reviewed from several perspectives.

They can be categorized into several construction-related problems and in-

ternal and external issues. The following subsections explain the DFLTs’

issues and challenges for each.

2.5.5 Benchmark Creation

One of the challenging in the area of DFLTs is the evaluations. The number

of benchmark datasets available for DFLTs is notably less than those avail-

able for SFLTs or TFLTs (Rohatgi, Hamou-Lhadj, & Rilling, 2008; Buzaid

& Hammad, 2021b). This deficiency leads to a gap in our understanding

and capability to effectively design a comprehensive dynamic framework

for DFLTs. Moreover, even the existing DFLTs benchmark has a lack in a

real implementation to find a complete set. For instance, the different results

of the mapping between feature and source code can be generated with the

same case study by different developers. Therefore, having the right bench-

mark to evaluate the DFLTs is one of the most important challenges that

should be considered in DFLTs.

2.5.6 Data Collection

Most of the DFLTs include IR techniques that are used by developers to re-

trieve the relevant data from the execution trace. However, assigning a vec-

tor to reflect the size of the selected source code compared to the near-full

feature source code is not applicable in many DFLTs. For example, using

any IR technique to rank and order the retrieved data does not guarantee the

real importance of the sorted data (Nakano et al., 2017). The retrieved or-

57



dered data can be indicating whether the retrieved data is a foothold feature

or not, which is far from indicating a full set of feature.

2.5.6.1 Obtaining the Execution Trace Configurations

Automating the process of saving and updating an execution trace file stream-

lines is hard. The main challenges remain in capturing and storage of trace

data, ensuring continuous and accurate profiling of required invoked data

when the feature is executed by the scenario. The proposed approach seeks

to obtain several execution traces for every implemented scenario as each

scenario would be partitioned into several scenarios. Each partitioned sce-

nario generates its relevant execution trace. Hence, an aggregation solution

is needed to collect the entire parts of the execution traces for the relevant

scenario for a further process in AETFS.

Several steps are required to be applied to automate the process of ag-

gregating the entire execution traces for a running scenario. The first step in

automating the process of saving and updating an execution trace file is to

define the specific points in the code where trace data should be collected.

These points can include method entry and exit points, specific events, or

checkpoints that are relevant to the monitoring and analysis of the appli-

cation’s execution flow. By carefully selecting these collection points, de-

velopers can ensure that the trace data captures key information about the

feature’s behavior and profiling the invoked data. This step lays the founda-

tion for effectively monitoring and analyzing the execution trace, enabling

a better understanding of the scenario’s behavior.

Once the collection points for trace data have been identified, the next

step in automating the process is to implement the capture of the trace data.

This involves writing code to extract the relevant information at the spec-

ified collection points. Depending on the requirements, this may include

capturing method names, parameters, timestamps, variable values, or any
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other data that provides insights into the program’s execution. By accurately

capturing the trace data at these designated points, developers can obtain a

comprehensive view of the executed scenario’s behavior and performance,

enabling effective analysis of the scenario behavior against the feature. Im-

plementing the trace data capture ensures that the necessary information is

collected consistently and reliably, forming the basis for further automation

and analysis in the trace file.

Moreover, depending on the number of partitioned scenarios, the solu-

tion can be selected to update the trace file. This step plays a crucial role

in determining how frequently the trace data should be saved, ensuring an

up-to-date and accurate representation of the application’s execution flow.

Then, it is required to set up proper file handling for the trace file. This

step is crucial to ensure reliable and secure operations on the file. It involves

creating or opening the trace file in the appropriate mode, such as append or

overwrite, based on the specific requirements. Additionally, it is essential to

implement error-handling mechanisms to gracefully handle any exceptions

or issues that may occur during file operations. Proper file handling ensures

that the trace data is accurately and consistently saved without data loss or

corruption. It also includes considerations for resource management and

potential file locking mechanisms to handle concurrent access scenarios.

By addressing file-handling requirements, developers can establish a robust

foundation for storing and updating the trace data effectively.

However, modern Version Control Systems (VCSs) can be used to sup-

port aggregation of the execution trace to some extent. Aggregation support

broadly refers to any functionality in VCSs that allows for identification

and grouping of the execution traces that are generated by exercising the

software feature by a scenario. Table ?? provides a brief comparison of

Git, SVN, and CVS in terms of their version control capabilities for sav-

ing and updating execution traces, considering factors such as distribution,
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branching, commit granularity, performance, conflict resolution, scalability,

repository size, integration, and popularity/support.

Table 2.3: Comparison of Version Control Systems for Execution Trace Management

(Bousse et al., 2019)

Git SVN CVS

Distributed Centralized Centralized

Efficient and easy Supported but complex Supported but complex

Granular File-level File-level

Fast Slower compared to Git Slower compared to Git

Efficient Supported but challenging Supported but challenging

Compact Centralized Centralized

Strong integration Good integration Limited integration

Compact Centralized Centralized

Using VCS to save and manage execution traces generated from exer-

cising features through a set of scenarios proves highly effective in AETFS.

VCS allows for systematic organization and storage of the execution traces,

ensuring traceability and easy retrieval. By capturing the changes made

during scenario execution, VCS enables developers to track the evolution of

the traces partitioned scenarios execution, facilitating analysis and mining

the execution traces. The ability to create branches in VCS enables parallel

development of different scenarios, allowing developers to work simultane-

ously without conflicts. Furthermore, VCS supports merging, enabling the

consolidation of changes from multiple scenarios into a single aggregated

trace. This enhances collaboration and ensures that the execution traces ac-

curately represent the full range of scenarios. With the ability to roll back to

previous versions, VCS provides a safety net to restore or compare earlier

versions of the traces. Overall, the use of VCS in saving and managing ex-

ecution traces resulting from scenario-based feature testing enhances trace-
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ability, and collaboration, and facilitates efficient scenario management in

AETFS.

2.5.6.2 Aggregating Execution Traces by Granularity and Based on the Partitioned
Scenarios

The existing research tried to address the problem of identifying the required

parts of the scenario that apply the required action to perform DFLTs. Sev-

eral solutions have been proposed to address the dependency on test cases or

usage scenarios in applying DFLTs (Cornelissen et al., 2008; Hojaji, Mayer-

hofer, Zamani, Hamou-Lhadj, & Bousse, 2019; Zangeneh, 2021; Al-Sharif,

Abdalrahman, & Jeffery, 2021; Almulla & Gay, 2022). Here are a few ex-

isting research solutions:

• The authors (Cornelissen et al., 2008) used a tool called Extravis5,

which implements the proposed visualization techniques of the cir-

cular bundle view and the massive sequence view for execution trace

analysis.

• Another example is the Papyrus-RT6 framework, which is an exten-

sion of the Eclipse Papyrus tool specifically designed for real-time

and embedded systems. Papyrus-RT offers a simulation and execu-

tion environment where models can be executed, and execution traces

can be captured for analysis of the formulated test case (Hojaji et al.,

2019).

• Another solution is Test2Vec approach (Zangeneh, 2021). It utilizes

execution traces, including input values, to capture behavioral pat-

terns of test cases and outperforms traditional code coverage metrics

in distinguishing failed test cases.
5https://www.primordion.com/Xholon/wiki/ExTraVis/
6https://github.com/kjahed/umlrtonline-papyrusrt
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• Another solution utilizes Text2Vec tool7 to monitor the framework as

a lightweight architecture for capturing execution traces during soft-

ware testing (Al-Sharif et al., 2021). Text2Vec is to propose a test case

encoding approach using execution traces to minimize redundant test

cases and enhance the efficiency of software testing processes.

In AETFS, given or formulating a random scenario by developers who

are unfamiliar with the system, the Java Agent Bytecode Instrumentation,

allows AETFS to generate execution traces without modifying the source

code. It allows the developers to comprehend the software code and pro-

vide details of the system during runtime by logging method invocations,

parameter values, and other relevant information. In this subsection, the

generated execution traces were illustrated based on using mouse clicking

to decompose the formulated scenario into several steps.

Generating execution traces based on Java agent bytecode instrumen-

tation by mouse-clicking would require a combination of techniques and

tools. Here’s a high-level outline of the process:

• Identify the target application: Determine the Java application or GUI

framework that you want to generate execution traces for by mouse

clicking.

• Set up a Java agent: Develop a Java agent using bytecode instrumen-

tation techniques, as discussed earlier. The agent should be capable of

intercepting mouse click events and capturing relevant information.

• Instrumentation for mouse click events: Within the Java agent, iden-

tify the classes or methods responsible for handling mouse click events

in the target application. Use bytecode manipulation techniques to

modify these classes or methods to capture execution traces whenever

a mouse click event occurs.
7https://github.com/dselivanov/text2vec
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• Capture and store execution traces: Define a mechanism within the

Java agent to capture the execution traces when a mouse click event

is intercepted. This could involve logging the traces to a file, storing

them in a database, or sending them to a centralized repository for

further analysis.

• Attach the Java agent to the JVM: Start the target application with the

Java agent attached to the JVM using the -javaagent command-line

option, specifying the path to the agent JAR file.

• Interact with the application: As you interact with the target applica-

tion by clicking the mouse, the Java agent will intercept the mouse

click events, capture the associated execution traces, and store them

according to your defined mechanism.

• Analyze the execution traces: After interacting with the application

and generating a set of execution traces, you can analyze the captured

traces to gain insights into the behavior, user interactions, and any

issues or patterns that may arise.

It is important to note that implementing Java agent bytecode instru-

mentation for capturing mouse click events requires knowledge of the target

application’s GUI framework, event handling mechanisms, and the appro-

priate bytecode manipulation techniques for intercepting and capturing the

events (Soueidi, Falcone, & Hallé, 2023). Additionally, the instrumenta-

tion should be designed to handle different types of mouse click events and

provide the necessary context for effective analysis.

Figure 2.5 shows how can be defined a Java agent named MouseClick-

Agent that uses bytecode instrumentation to intercept mouse click events in

Swing’s JComponent class. Note, in a Java application, the premain method

acts as the entry point for Java agents, allowing dynamic bytecode modifica-
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tion by registering a ClassFileTransformer to modify loaded classes during

runtime (Binder, Hulaas, & Moret, 2007).

Figure 2.5: Java code snippet that demonstrates how you can use Java agent bytecode

instrumentation to capture mouse click events and generate execution traces.

The transform method is called for every class loaded by the JVM. In

this example, we specifically target the JComponent class and use the ASM

library to transform its bytecode. We override the visitMethod method to

intercept the processMouseEvent method and replace the invocation of pro-

cessMouseClick with our custom code for capturing the execution trace.

The captureMouseClick method is the custom code that gets inserted

into the transformed bytecode. Here, we simply print the coordinates of the

mouse click event, but you can modify this method to capture the necessary

information and store it as per your requirements.

Remember to compile this code into a separate JAR file and specify it as

a Java agent using the -javaagent command-line option when running your
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target Java application.

Please note that this code snippet is a simplified example to demonstrate

the concept of Java agent bytecode instrumentation for capturing mouse

click events. In practice, more considerations such as handling different

event types, handling multiple classes, and error handling should be taken

into account.

Java Agent Instrumentation is utilized in AETFS to facilitate the gener-

ation of execution traces corresponding to a set of scenarios(Arcega, Font,

Haugen, & Cetina, 2017; Wu et al., 2022). These gathered execution traces

can be stored in an array collection, where each array holds an execution

file that represents a portion of the partitioned scenario (Arcega et al., 2017;

Wu et al., 2022), or in a multipartite graph (Hendriks et al., 2017; Müller

& Eisenecker, 2019). For instance, if the method outlined by Muller et al.

is applied to the method in the running example, it would yield traces that

correspond to the scenarios, as depicted in Figure 2.6 (Müller & Eisenecker,

2019). In this figure, the circles represent the partitioned scenarios. A circle

containing the letter “I” indicates that the partitioned scenario is included

to demonstrate the software feature, while “E” signifies that the scenario

is excluded. An empty circle suggests the potential application of an addi-

tional random scenario. The horizontal lines between the circles provide a

visual guide to trace the position of the partitioned scenarios. If a line does

not have edges leading to the next partitioned scenarios, it implies that the

partitioned scenario was removed in the subsequent feature demonstration.
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Figure 2.6: Aggregation of Execution Traces for partitioned scenarios for the running ex-

ample.

(Ali et al., 2019) method can be adapted to create a universal aggregation

model that accommodates all AETFS configurations, as depicted in Figure

2.7. In this model, each scenario, taken from a specific version, is repre-

sented by a list of N sub-scenarios. Each sub-scenario (each list member)

points to a linked list of execution traces that capture the evolution (capabil-

ity to invoke required data) of this sub-scenario. Consequently, each node in
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the linked list refers to a sub-scenario with the relevant execution traces that

exhibited the desired feature. Each sub-scenario with a relevant execution

trace reference points to a hash table of M (the sum of the arbitrarily sized

linked lists, over the S number of sub-scenarios) for quick entry lookup.

This model enables efficient storage of only the necessary sub-scenarios to

exercise the feature (only sub-scenarios capable of generating a relevant ex-

ecution trace to the exhibited feature are considered) and allows for versatile

configurations of several sub-scenarios (including scenarios formulated by

the Gherkin standard).

Figure 2.7: Generic sub-scenarios aggregation approach.

However, the following examples demonstrate how this model can be
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employed to aggregate the execution traces with their relevant scenarios for

the various configurations, as outlined in Table ??:

1. Setup and Integration:

• Initialize a Git repository for your software project.

• Ensure that your project is properly configured to generate and

capture execution traces during runtime.

• Configure your VCS (e.g., Git) to track and commit the execu-

tion trace files along with the source code.

2. Capturing Execution Traces:

• Run your software or system while the execution trace-capturing

mechanism is active.

• The captured execution traces could include logs, debug infor-

mation, or any other relevant data.

• Ensure that the execution trace files are generated and saved

within the project directory.

3. Committing Execution Traces:

• Use Git commands (e.g., git add, git commit) to stage and com-

mit the execution trace files to the repository.

• Include descriptive commit messages that provide context about

the captured execution traces.

• Commit the trace files alongside the source code changes that

are associated with the specific execution trace.

4. Analyzing Execution Traces:
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• Utilize Git’s history and diff capabilities to inspect and analyze

the execution trace files.

• Use commands like git log, git diff, or graphical tools to review

the changes in the execution traces across commits.

• Identify patterns, anomalies, or trends in the execution trace data

through comparison and visualization.

• Leverage Git branches and tags to isolate specific execution trace

versions for focused analysis or comparison.

5. Collaboration and Knowledge Sharing:

• Share the execution trace commits with the development team

or relevant stakeholders.

• Use Git’s collaboration features (e.g., pull requests, and code

reviews) to discuss and provide feedback on the execution traces.

• Integrate with issue tracking systems (e.g., JIRA, GitHub Issues)

to link execution traces to specific bugs or feature requests.

• Collaborate on analyzing the execution traces and use Git’s com-

menting features to document observations or insights.

2.5.7 Indexing the Content of the Collected Execution Traces

In the final phase, the gathered execution traces must be refined to form

the document corpus D, which requires storage and retrieval capabilities.

The AETFS employs VSM for indexing and querying these text-based doc-

uments. The choice of VSM is attributed to its well-researched nature and

proven efficacy in applying FL (Razzaq et al., 2018).

Other IR models, such as LSI and LDA, have been utilized in DFLTs and

related areas (Biggers et al., 2014; Lee & Ostwald, 2024). However, mul-
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tiple researchers have noted their inferior performance compared to VSM.

This lesser effectiveness is attributed to the limited range of concepts de-

rived from execution traces. Consequently, the efficacy of LSI and LDA

in this domain remains unverified, with VSM continuing to be the favored

method (Silva, Galster, & Gilson, 2021). Nonetheless, this study employs

VSM, LDA, and LSI in conjunction with a TF-IDF function for document

analysis and cosine similarity for document comparison.

2.6 Future Directions

The DFLTs are not investigated as much as SFLTs in program comprehen-

sion. Many software researchers and practitioners face difficulties to select

the most proper DFLTs to enhance their process to comprehend the soft-

ware system. A lack of standardizing the process to compare DFLTs would

exacerbate the evaluation steps. There is a need to standardise DFLTs com-

parability to address the advantage and disadvantages of the possible se-

lected DFLTs to support the developers to understand the existing software

systems.

Many researchers have provided a contribution in DFLTs, to increase the

level of program comprehension for the existing software programs. Under-

standing the boundaries of the proposed software feature is a key element

for the developer to opt for the right DFLTs. Analysing existing DFLTs em-

pirical studies show that the system program language may affect the per-

formance of the selected DFLTs. There is a necessity to understand the in-

teraction between programming language and DFLTs, to perform FL. There

is a vast demand in software engineering to show how DFLTs can interact

with modern high-level program language such as Julia8. The domain of

DFLTs calls for finding to regulate the process of using execution trace to
8https://julialang.org/
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perform FL based on using any programming language.

To increase the level of accuracy of mapping source code to the relevant

feature in using DFLTs, we need to consider existing issues and challenges,

the limitation, and possible solutions to the challenges. As the number of

software programs is increased year by year, more sophisticated DFLTs are

needed to overcome the comprehension challenges for maintaining existing

software. Consequently, more efficient and sophisticated DFLTs should be

designed to address a problem such as maintaining existing software that

has no documentation or maintaining a system by unfamiliar developers

with the system. Moreover, the solution provided by DFLTs should not rely

on program structure as the existing systems that are needed to comprehend

can be poorly structured with no meaningful lexicon. The purpose of using

DFLTs should be to map features to the source code for any existing soft-

ware system with the optimal time requested with the minimum required

training is needed to use DFLTs by developers.

2.7 Conclusion

Although the number of solutions in FL is increased nowadays, the chal-

lenges in dynamic feature location are getting more tangled. This literature

reviewed the current prominent dynamic feature location solution. A large

number of the current solutions contain steps where corpus-based analysis,

execution trace collection, and dependencies analysis are used. A compari-

son of several DFLTs is implemented to categorize the list of techniques into

three prominent techniques. The results suggest that the selected techniques

in corpus-based analysis, such as using LSI, and the selected technique in

execution trace collection, such as using bytecode instrumentation, play es-

sential roles to provide the most current solution in mapping features to the

source code in DFLTs.
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As DFLTs gain prominence in modern software maintenance, identify-

ing the most suitable DFLTs for feature location in a given software system

is crucial. The key metric for evaluating DFLTs is their ability to accu-

rately relate a software’s functional feature to its relevant artifact. Numer-

ous studies have introduced novel methods to enhance DFLTs’ efficacy and

sophistication, as well as to address associated challenges. This chapter pro-

vides a literature review from various perspectives, offering a taxonomy and

analysis of past research to present a comprehensive view of existing tech-

niques. Emphasizing the common approach of mapping features to software

artifacts using DFLTs, potential weaknesses and gaps in DFLTs are high-

lighted. Lastly, future directions are outlined to guide software practitioners

and researchers in further investigations to address DFLT-related issues and

challenges.
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Chapter 3

Proposed Methodology

3.1 Overview

As described above, formulating an accurate scenario to apply DFLTs is a

noted problem. In the search for a solution to increase the accuracy of the

formulated scenario, enhancing the process of using DFLTs is proposed in

AETFS. The solution leverages the collected execution traces to measure

the accuracy of the applied scenario to perform DFLTs.

There are several different configuration options available to AETFS:

• The AETFS technique is employed to assess the accuracy of a sce-

nario, which is devised by software developers who are not familiar

with the given software system. These developers, relying on their

own understanding, intuitively formulate the scenario. A single exe-

cution trace is produced in this process. To gauge the accuracy of the

executed scenario, these developers utilize a text query, leveraging IR
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Techniques such as TF-IDF

• The AETFS technique applies to measure the accuracy of the sce-

narios that are formulated based on Behavior-Driven Development

(BDD) (A. Z. Yang et al., 2019) by using Gherkin1 syntax structures

plain text. Several execution traces are generated, and the develop-

ers use advanced topic modelling information retrieval techniques to

measure the accuracy of the executed scenarios.

• The AETFS technique applies to measure the accuracy of the scenar-

ios that are formulated based on using Unified Modeling Language

(UML), such as using Use Case Diagram (Buzaid, Albalooshi, &

Elmedany, 2022).

This chapter begins by introducing the AETFS approach, supplemented

by a practical example to aid in its explanation. Subsequently, it outlines

the baseline approach, which serves as a comparison point for AETFS and

delves into the implementation specifics of both AETFS and the baseline

approach.

3.2 The AETFS Approach

A provisional description of the AETFS approach was first presented in

(Buzaid & Hammad, 2021a). It was later extended and evaluated in (Buzaid,

Albalooshi, & Elmedany, 2022; Buzaid, Albalooshi, & Hammad, 2023),

and is presented in detail in Figure 3.1. The AETFS approach allows for

aggregation of collected execution traces to indicate the ability of the exe-

cuted scenario to locate the source code entity that has been touched when

a software feature is exercised by the scenario to apply DFLTs. The process
1https://cucumber.io/docs/gherkin/
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includes combining the resultant, textual, scenarios, and the feature’s query

descriptions with IR, it allows for indexing, and searching in the collected

execution traces, given a search feature query or a given scenario.

Figure 3.1: The AETFS approach.

The input to AETFS is a scenario / or a set of scenarios, and an instru-

mentation agent that generates an execution trace or a set of execution traces

E = {e1, ...,eM} on the targeted executed feature F , where M is the number
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of such collected execution traces. AETFS relies on the descriptions in E to

generate the textual content of documents D for IR, where each document

represents a source code entity. There are three major steps in the AETFS

approach, as shown in Figure 3.1:

1. Partitioning scenarios into a set of scenarios segments S = {a, ...,aN},
where N is the number of segments

2. Annotating scenarios that segments based on the related execution

traces. In this step, AETFS matches all the scenario segments in A

with the execution traces in E (that are generated when the targeted

F is executed). AETFS then aggregates textual data from the set of

execution traces (that are mapped to the scenarios segments) to add

content to the documents D = {d1, ...,dN|∀di,∃Ei ⊂ E}, where D de-

scribes the source code entities the related to the F when it is exercised

by S.

This step is divided into two sub-steps:

(a) Aggregate the set of execution traces for every scenario segment

(that exercised the software feature). AETFS allows for aggre-

gation of the set of execution traces according to the granular-

ity of the Instrumentation Agent, profiling the invoked methods,

classes, and objects, or profiling the recurrent of the invocations

with respect to the configuration of the instrumentation agent

(see Section 2.2.3). Depending on the choices made, this results

in the formation of the collected execution traces Ei ⊂ E for ev-

ery scenario segment in the set of scenarios s ∈ S.

(b) Represent the accuracy of the scenario segments with the related

execution traces (where each execution trace was formed based

on the content of the relevant scenario segment, according to the
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selected configuration in the previous step). For each content of

the extracted execution trace, textual and process text analysis

is applied resulting in a set of textual documents D, each ele-

ment of which measures the accuracy of the executing scenario

in applying DFLTs.

3. Use the IR engine to index the content of the execution trace to the

relevant scenarios entities ( their textual representation: the set of doc-

uments D) and to later use these outputs to apply DFLTs.

3.2.1 Preliminaries and Notations

In the AETFS approach, several key concepts and notations are fundamen-

tal for understanding its functionality and processes. These notations are

crucial for articulating the methodology’s intricacies and computational op-

erations efficiently.

Notation Description
E = {e1, ...,eM} Set of execution traces generated by the instrumentation

agent

F Targeted executed feature

M Number of collected execution traces

D Set of textual documents for Information Retrieval (IR)

S = {a, ...,aN} Set of scenario segments

N Number of segments in the scenario

di Textual document representing a source code entity

Ei ⊂ E Subset of execution traces for a scenario segment

3.2.2 Major Steps in the AETFS Approach

1. Partitioning Scenarios:

• Dividing scenarios into segments for further analysis.
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2. Annotating Scenario Segments:

• Matching scenario segments with related execution traces to ag-

gregate textual data for IR.

(a) Aggregation of Execution Traces:

– Profiling method invocations based on the configuration

of the instrumentation agent.

(b) Accuracy Assessment:

– Analyzing textual content of extracted execution traces

to measure scenario accuracy.

3. Information Retrieval (IR) Engine:

• Indexing execution trace content to scenario entities for DFLTs

application.

In the subsequent Chapters, these notations and processes in the AETFS

approach will be further elaborated and contextualized within the research

framework.

3.3 AETFS Technique in Details

In this section, the steps of the AETFS technique are presented in more de-

tail, describing the transformation of the two inputs to AETFS, a high-level

scenario to exercise the software feature, and a text query that describes the

software feature, into the textual documents that represent the input scenario

with accuracy value in applying DFLTs. Hence, the output is a set of sce-

narios that are presented in descending order based on the accuracy level of

the scenario to apply DFLTs.
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3.3.1 The Running Example

To assist the reader in following the text, a running example is presented in

this part. ArgoUML2 will be utilized as an example to illustrate the pro-

posed methodology solution. Specifically, the Activity Diagram feature of

ArgoUML will be employed to demonstrate the workings and implemen-

tation of the solution. This approach allows for a clear illustration of the

required process and an understanding of the intricacies of the proposed so-

lution in a real-world context. The Activity Diagram serves as a step-by-step

guide, effectively showcasing how the feature can be exercised by a scenario

or a set of scenarios to apply DFLTs.

The Activity Diagram in ArgoUML can be exhibited by several scenar-

ios. A random scenario can be formulated by developers who are unfamiliar

with the ArgoUML software as shown in Figure 3.2. It shows the possible

steps that are implemented to exercise the activity diagram feature. The

users can formulate several scenarios without following a certain template

to exercise the targeted feature.

Figure 3.2: Random Scenario to exercise Activity Diagram in ArgoUML.

2https://argouml-tigris-org.github.io/tigris/argouml/

79



However, the developers can enhance the process of formulating the ran-

dom scenarios by using Gherkin3. Figure 3.3 shows five possible scenarios

to exercise the Activity Diagram. All these five scenarios exercise the Ac-

tivity Diagram feature, but they are formulated to implement different steps.

Figure 3.3: Random Scenarios that are formulated by using Gherkin framework to exercise

Activity Diagram in ArgoUML.

There are six versions of scenarios in Figures 3.2 and 3.3. The first
3https://cucumber.io/docs/gherkin/
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version (Scenario 1) in Figure 3.2 shows the possible steps to be imple-

mented to exhibit the Activity Diagram Feature. In Figure 3.3, a possible

improvement applied to formulate scenarios, where each scenario is classi-

fied into three steps, Given, When, and Then. The second version (Scenario

2) shows the required steps to create a new activity diagram only. Several

steps were eliminated from (Scenario 1). Scenario 2 has some of the steps

from (Scenario 1), and others a new steps only implemented in Scenario

2. Similar processes were implemented for every scenario in the running

example, where each scenario has slightly different steps than the other.

Each running scenario generates an execution trace. The similarity be-

tween each collected execution trace from running scenario can be calcu-

lated by using the Cosine Similarity function. The Cosine Similarity is a

widely used measure in NLP and IR for quantifying the similarity between

two vectors. In the context of execution traces, we can represent each trace

as a vector, where each dimension corresponds to the frequency of a specific

feature or event within the trace. By treating the execution traces as vectors,

we can calculate their Cosine Similarity. The Cosine Similarity is defined as

the cosine of the angle between two vectors and ranges from 0 to 1, where

1 signifies complete similarity and 0 indicates no similarity. In the code,

the execution traces are read from text files, and the words within the traces

are processed to construct the vectors. The program then calculates the dot

product and magnitudes of the vectors using the word frequencies. Finally,

it applies the Cosine Similarity formula.

The Cosine Similarity formula, represented in LaTeX format, can be

written as:

Cosine Similarity =
∑

n
i=1 Ai ·Bi√

∑
n
i=1 A2

i ·
√

∑
n
i=1 B2

i

Here, Ai and Bi represent the components of the two vectors, and n de-

notes the dimensionality of the vectors. The resulting Cosine Similarity
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value indicates the extent of similarity between the two execution traces,

scaled from 0 to 100.

Table 3.1: Comparison between the collected execution trace that are generated by using

different scenarios to exercise Activity Diagram Feature in the running examples

Scenario ID Feature Name The Similarity of the Execution Trace Content

1 Activity Diagram 100%

2 Activity Diagram 48%

3 Activity Diagram 52%

4 Activity Diagram 61%

5 Activity Diagram 49%

6 Activity Diagram 63%

In the running example, each scenario generates an execution trace when

exercising the instrumented Activity Diagram feature. To illustrate the run-

ning example, any changes in the scenario steps, would effect the content

of the collected execution traces. In this case, to show the reader how ev-

ery scenario generates different execution traces, relying on the scenario

input, all the generated execution traces were compared with the output of

Scenario ID 1. Table 3.1 shows how the output of each scenario can be

different than each other by comparing the collected execution traces. For

instance, Scenario ID 1 results in 100 % similarity as the execution trace

compared to itself in this running example. For the rest of the scenarios, the

similarity of the collected execution traces is compared against the collected

execution trace for Scenario ID 1.

The similarity results in Table 3.1 were obtained by using the details

described in Section 1.8. Particularly, for this running example:

• Generating execution trace: Bytecode instrumentation solution was

used.
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• Preprocessing: Clean and normalize the texts.

• Vectorization: Convert the texts into numerical vectors.

• Similarity Calculation: Calculate the similarity between the vectors.

• Representation: Multiply the cosine similarity by 100 to get a per-

centage representation of the text similarity.

3.3.2 Partitioning of the formulated Scenarios

Due to the large size of the generated execution trace when the instrumented

software feature is exercised by a scenario, the first step in AETFS is to par-

tition the running scenario into a set of chunks of smaller sizes. Each part of

the partitioning scenario aims to generate its related execution trace. Each

collected execution trace has varied content of the invoked data granular-

ity. The contents of each execution trace rely on the content of the scenario

input, and instrumentation configuration in the exhibited feature. For ex-

ample, the scenario formulated in Figures 3.2 can be partitioned into eight

steps, where each step generates its execution trace. Each scenario in Figure

3.3 can be partitioned into three steps, Given, When, and Then. Each part

generates its execution trace.

The granularity of the generated execution trace can be at various levels

(See Section 2.2.3), based on the needs/preferences of the user. This can

range from the most fine to the most coarse: line-level, class-level, method-

level package level.

Certain levels of granularity, like utility data invoked in execution traces,

are straightforward. File-level granularity is similarly simple: each scenario

part would call upon this data and integrate it into the execution traces within

the software system. However, content entities at other granularity levels,

such as class, method, and object levels, necessitate a basic instrumentation
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method to profile these invoked data. Java bytecode instrumentation, partic-

ularly employing a Java agent, is a potent technique for profiling and logging

Java software system behavior (Soueidi, Monnier, & Falcone, 2023). This

method entails injecting additional bytecode into the loaded classes’ meth-

ods by the JVM. As the application operates, these instrumented methods

are triggered, enabling the Java agent to monitor and record method invoca-

tions, class interactions, and object states, with the collected data logged for

further analysis in the AETFS approach.

Hence, in the AETFS approach, in this first step, the input is a scenario

or a set of scenarios. The input scenarios that aim to execute the targeted

software feature are then partitioned into a set of partitioned scenarios. The

output of this step) S = {s1, ...,sM}, where the number of partitioned M

depends on the initial formatted Random Scenario Figure 3.2 or Gherkin

platform Figure 3.3 of the input scenario, see Figure 3.1 for more details.

3.3.3 Annotating Partitioned Scenarios with the Relevant

Execution Traces

This section describes how the collected execution traces is aggregated for

partitioned scenarios and how the content of the execution traces are then

used to textually represent the accuracy of the formulated scenario in apply-

ing DFLTs.

3.3.3.1 AETFS Configuration: Grouping and Classification of the Content of the
Execution Traces based on Using Bytecode Instrumentation

The process of grouping and classifying the content of execution traces us-

ing bytecode instrumentation is a sophisticated approach in software engi-

neering. Bytecode Instrumentation (BCI) is a method that allows for the in-

sertion of additional bytecode into an application’s method. This technique
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is used to profile every method, class invoked when a partitioned scenario

exercises the software feature (Béziers la Fosse, Tisi, & Mottu, 2018).

In the context of execution traces, BCI can be used to generate detailed

information about a program’s execution. This information can then be an-

alyzed and grouped based on various criteria, such as the execution path

taken, the methods invoked, or the data accessed.

The content of execution traces aggregation groups the collected traces

with each part of the partitioned scenarios that exercised the software fea-

ture. This grouping depends on the selected level of granularity of the instru-

mentation technique to profile the invoked data. AETFS can be configured

to profile the execution trace content for each running part of the scenario

according to the frequency of methods, class, and objects invocation and to

ignore the utilities data (de Almeida Maia & Lafetá, 2013).

Finally, AETFS allows for ignoring certain types of collected execution

traces. The types of configurations are based on three heuristics methods to

determine whether the collected data in the execution traces are aggregated

for further analysis or is omitted from the execution trace aggregation.

Moreover, AETFS mainly relies in IR concepts, though the threshold

value, which can significantly vary, is often empirically determined based on

the specific application, dataset, and similarity measure. Studies have intro-

duced general thresholds for similarity, such as in word embedding for IR,

and proposed automatic and online estimations of the similarity threshold

for content-based visual IR systems (Rekabsaz, Lupu, & Hanbury, 2017).

However, without full access to these studies, specific threshold values re-

main unspecified. Setting the threshold is a complex task involving a trade-

off between precision and recall, typically set based on application require-

ments and an acceptable balance between false positives and false negatives.
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3.3.3.2 Defining Accuracy in the Context of AETFS

In the context of this research, accuracy in the AETFS methodology pertains

to the solution’s capability to construct accurate scenarios. An accurate sce-

nario denotes the proficiency of generating execution traces essential for

applying DFLTs with a high degree of locating the required source code for

the exercised software feature by the formulated scenario. The evaluation

of accuracy in this study is facilitated through the utilization of three key

software metrics: Precision (P), Recall (R), and F-Measure.

The effectiveness of a scenario in the context of DFLTs is fundamental

for accurately mapping source code to exhibited software features. Achiev-

ing a high level of accuracy in scenario formulation is crucial, as it directly

impacts the P, R,, F-Measure and overall effectiveness of DFLTs applica-

tions. In the following points, we delve into how a high accurate scenario

plays a pivotal role in enhancing DFLT performance by facilitating the ac-

curate identification of source code corresponding to exercised features.

A comprehensive explanation of these metrics is elaborated upon in

Chapter 4, providing detailed insights into the assessment of accuracy within

the AETFS framework.

3.4 The Baseline Approach: DFLTs baseline

A number of existing methods were evaluated as potential baselines for

DFLTs. However, they were all ultimately dismissed due to the following

reasons:

• The current research in DFLTs (Buzaid & Hammad, 2021b; Razzaq et

al., 2020) is focused on developing methods to associate source code

with its corresponding F. In contrast, the work presented in this the-

sis is dedicated to facilitating a singular aspect of DFLTs, specifically
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the creation of precise scenarios that demonstrate the desired F. Con-

sequently, the chosen baseline for DFLTs is evaluated against those

DFLTs that implement the AETFS.

• A potential baseline for DFLTs was the utilization of grep, akin to the

method in (Vale & de Almeida, 2019). Nevertheless, this strategy is

unsuitable due to the significant differences between pattern matching

and VSM, LDA, and LSI, leading to incompatible results from these

two methods.

• The methodology proposed by (Hayashi et al., 2016), including their

foundational approach, was not accessible to the public.

The FLAT3 method, as described by (Savage et al., 2010) work, ex-

hibited unsuitable granularity levels, combining elements of sub-program

and individual code line granularity while lacking granularity at the

file level.

• The adoption rate of TraceLab, as referenced in (Keenan et al., 2012),

remains low, with merely three out of twenty-nine papers between

2013 and 2018 documenting the use of this framework.

The innovative aspect of AETFS lies in the analysis of the content within

the gathered execution traces. As a result, the decision was made to adopt

(Marcus & Haiduc, 2013) methodology for TFLTs, while also updating

these procedures to align with the latest advancements in TFLTs. Specifi-

cally, modifications were made to address the unique requirements of AETFS.

• LSI is utilized in AETFS to discern the conceptual correlations be-

tween terms in collected execution traces and associated scenarios.

By incorporating additional context, such as stereotypes, LSI tran-

scends mere keyword matching, employing statistical techniques to
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uncover the latent structure of data, thereby enhancing the precision of

selected scenario (Poshyvanyk, Marcus, Rajlich, Gueheneuc, & An-

toniol, 2006)

• LDA is applied in AETFS to index execution trace corpora and re-

trieve scenarios, with various configurations impacting its accuracy

and effectiveness (Biggers et al., 2014).

• VSM is utilized in the AETFS approach to map scenario to execution

trace by representing both as vectors in a high-dimensional space, en-

abling the calculation of similarity scores that help identify the most

relevant code segments (Zamani, Lee, Shokripour, & Anvik, 2016).

• Execution trace entities were characterized using identifiers, com-

ments, and literals. (Biggers et al., 2014) noted that this particu-

lar amalgamation of text data enhances effectiveness. (Alhindawi,

Dragan, Collard, & Maletic, 2013) also employed this blend in their

research on expanding vocabulary through stereotypes. Conversely,

(Marcus, Sergeyev, Rajlich, & Maletic, 2004) limited their descrip-

tion to identifiers and comments alone. Note, that comments are not

considered in AETFS as they are not included in the collected execu-

tion traces.

• Enhancements in text preprocessing have been made. (Dit, Guer-

rouj, Poshyvanyk, & Antoniol, 2011) proposed that advanced split-

ting methods could enhance the performance of TFLTs. Therefore,

the TFLTs now include “dot” splitting in addition to the “camel case”

and “underscore” splitting initially introduced by (Marcus & Haiduc,

2013). Moreover, when employing file-level granularity, any license

information is excluded from the analysis.

The baseline for AETFS adheres to the following procedures to assem-

88



ble the search corpus for DFLTs to formulate the scenario: (see Figure 3.4):

Figure 3.4: The baseline DFLTs approach to index the content of the execution traces

1. Collected Execution Traces. Execution traces can be collected to

record every method, object, class, and variable that is invoked dur-

ing the runtime of the software, providing a detailed account of the

program’s dynamic behavior.

2. Partition & Processing. It involves segmenting the collected data

into meaningful units and analyzing them to extract insights about the

software’s runtime behavior (Hendriks et al., 2017).

3. Generate content. Each document that details an execution trace

entity consists of terms extracted from the entity’s identifiers, and lit-

erals. The text preprocessing follows the method outlined for AETFS

(refer to Section 2.5.7), with the additional removal of programming

language keywords. Subsequently, every document within the search

corpus is depicted as a collection of words.

4. Index documents. The document collection is subsequently orga-

nized and preserved utilizing the LSI, LDA, and VSM as an IR frame-

work.
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3.5 Implementation details

The AETFS and DFLTs execution relies on external libraries for tracing,

parsing, and document indexing through the IR engine. Further details on

key operations and supporting libraries are outlined below.

• Bytecode instrumentation in Java, using a Java agent within the JVM,

is a potent method for monitoring runtime behavior. It modifies class

bytecodes upon loading, enabling comprehensive logging of method

invocations and data interactions. This tool, the Brutusin Instrumenta-

tion Framework4, facilitates this process by capturing method events

and notifying custom listeners.

• The text parser tool5 streamlines the analysis of execution traces by

segmenting content based on specified detail levels. In method-level

system partitioning, abstract methods, constructors, and anonymous

class methods are excluded from trace entities. Abstract methods lack

functionality, constructors set initial states, and anonymous methods

are skipped to avoid redundancies within other methods.

To facilitate the research methodology, a specialized tool was neces-

sary for interfacing with the dataset repository, which includes benchmarks

(Martinez et al., 2018) for evaluating the effectiveness of AETFS in retriev-

ing pertinent source code. The IntelliJ IDEA Community Edition served as

the primary Integrated Development Environment (IDE) for this purpose.

Additionally, tools like the Text Parser were employed to process and incor-

porate the necessary outcomes into AETFS. The application, along with the

data from the empirical studies presented in this thesis, can be accessed at

the provided GitHub link6.
4https://github.com/brutusin/instrumentation
5https://www.make.com/en/help/tools/text-parser
6https://github.com/buzaidf/AETFS
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Chapter 4

Experiment and Case Studies

This chapter presents a thorough investigation of the proposed method-

ology, AETFS, through a sequence of three experiments. These experi-

ments are designed to delve into the efficacy of AETFS in optimizing the

process of DFLTs by linking features to source code through execution

traces (Buzaid & Hammad, 2021a), sifting out irrelevant inputs via the Sce-

nario Sifter, and harnessing the power of UML diagrams to enrich DFLTs

(Buzaid, Albalooshi, & Elmedany, 2022). In doing so, this chapter ad-

dresses the research questions concerning the practical application of AETFS

and its capacity to enhance the precision of scenario selection in DFLTs, res-

onating with the core objectives of the study.

The forthcoming trio of experiments has a clear mission: to provide

definitive answers to the research questions at hand. Through a systematic

approach, each of these experiments is poised to delve into specific facets

of the study’s objectives, offering insights and conclusions that collectively

address the core inquiries driving this research endeavor. By meticulously
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examining the outcomes of these experiments, the study aims to not only

shed light on the efficacy of the AETFS methodology but also to offer valu-

able contributions to the DFLTs.

The primary objective of the first experiment, ”Mapping features to

source code based on execution trace,” is to investigate the effectiveness

of using reformulated queries to assess the accuracy of the DFLTs input

scenarios in applying FL. By thoroughly analyzing the collected execution

traces, this experiment aims to establish a direct correlation between fea-

tures and their respective source code sections. The accurate identification

of the source code sections associated with specific features offers valuable

insights into improving the feature-to-code mapping process. Furthermore,

by leveraging reformulated queries, this experiment seeks to evaluate how

well the DFLTs’ input scenarios align with the accurate application of FL,

contributing to the assessment of their effectiveness in ensuring precise and

targeted testing coverage.

The second experiment, ”Scenario Sifter to Filter Irrelevant Inputs in

DFLTs,” investigates the application of the Scenario Sifter, a component of

the AETFS methodology, to filter out irrelevant inputs during DFLTs. The

Scenario Sifter aims to optimize the testing process by identifying and ex-

cluding test scenarios that are unlikely to contribute to the effectiveness and

coverage of DFLTs, improving the overall efficiency of the testing process.

The third experiment, ”The Use of UML Diagrams to Enhance DFLTs,”

explores the utilization of UML diagrams as a tool to enhance DFLTs. By

incorporating UML diagrams into the testing process, this experiment in-

vestigates their potential to provide a visual representation of the system’s

structure and behavior, aiding in the identification of relevant test scenarios

and improving the accuracy of DFLTs.

Through these three experiments, this chapter seeks to evaluate the ef-

fectiveness of the AETFS methodology in enhancing the process of DFLTs.
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The results obtained from these experiments provide insights into the practi-

cal application of AETFS and its potential to improve the selection of accu-

rate scenarios for DFLTs, ultimately contributing to the overall quality and

reliability of software systems.

4.1 Mapping features to source code based on
execution trace

The ultimate aim of any DFLTs is to map software feature to the relevant

source code. Allocating only relevant certain methods from execution trace

to the related feature is the main difficulties in DFLTs due to the size of

the collected execution trace. In this experiment, we present a DFLTs (ex-

periment case study called MappFL) to map the relevant methods to the

software feature based on analysing the actual behaviour of the system. The

MappFL refers to use auto-reformulating query technique to extract the rel-

evant methods from the execution trace which was generated by executing

one scenario that exhibits a desired feature. Distance software metrics are

proposed to measure the distance between the extracted methods by DFL

techniques. A case study was implemented to map software feature to the

relevant methods in the source code.

4.1.1 Overview

First configuration of AETFS is to use one single scenario to generate exe-

cution trace and use reformulating text query to specify the input of DFLTs.

In order to increase the effectiveness of feature location, both static and dy-

namic techniques have to be implemented to solve the problem of mapping

the source code to the relevant software feature. In this experiment, a dy-

namic technique generates a huge size of the execution trace that contains a

lot of noise, which refers to irrelevant or extraneous information that is cap-
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tured during the execution of the software system (Maalej, Tiarks, Roehm,

& Koschke, 2014). This noise can manifest as data points, events, or behav-

iors that are not directly related to the specific features being analyzed or the

desired software feature (Dit, Revelle, & Poshyvanyk, 2013).

There was a need to utilize static techniques to filter the execution trace

events to eliminate the noise. In addition, a query was constructed that

describe feature in natural language to retrieve the data from the execution

trace. Information retrieval techniques, such as LSI is used to index the

query to the relevant data (feature’s source code) only and only if the query

was formulated correctly.

In this experiment, a technical approach was implemented to map a soft-

ware feature to its relevant source code elements (that is, classes, methods

or functions). The technical experiment, called feature localization, incor-

porates static and dynamic feature location analyses. The idea of the dy-

namic analysis is based on instrumenting the source code (Hammad & Al-

Hawawreh, 2018) to profile all methods that are invoked when developers

execute a scenario that exhibits a certain software feature. Whereas, the

idea of the static analysis is based on filtering the logged execution trace

to extract the relevant pieces of source code by using textual analysis (Liu,

Marcus, Poshyvanyk, & Rajlich, 2007). Furthermore, developers input a

natural language query to describe the feature of interest, aiding in the ex-

traction of data from the execution trace. The entered query is reformulated

based on using Refoqus (Haiduc et al., 2013), which is an automatic query

reformulation technique that is used to support the query to filter the execu-

tion trace to retrieve list of ranked methods. The obtained result as ranked

list of the methods is verified by using distance metrics (Wong & Gokhale,

2005; Wong, Gokhale, & Horgan, 2000) to measure the distance between

these methods to confirm that all retrieve methods are close the each other

and they are relevant to the software feature.
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4.1.2 Design The experiment

The main steps of mapping software feature to the relevant methods are

shown in Figure 4.1. The depicted figure has three processes. Each one of

them receives at least one file as an input, and outputs one file as a result

of completing process. There are two main initial inputs into the proposed

solution, a scenario, and a source code. The source should be compiled and

run when a scenario is executed. The developer has to generate a scenario

that exhibits a feature in the software system, and the results are used as

input in Generating Execution Trace Process. The scenario is a set of events

that are generated by the developer to exercise a desired software feature.

For instance, a list of events have to be created to construct a scenario that

exhibit a certain feature. Next, the Generating Execution Trace Process pro-

files all the methods and method’s content that are invoked during executing

a scenario to output a file called execution trace. The execution trace file

contains on both relevant and irrelevant methods including method’s state-

ment that are profiled during running a scenario. Next, both files, query and

execution trace are used as an input to the next process. Query reformula-

tion and filter execution process outputs a list of ranked methods that are

used as an input to the final process where to measure the distance between

these ranked methods on the list. When the process of measuring distance

between methods are completed, the system outputs a file contains a list of

methods that are used to construct feature that where described by develop-

ers in the entered query. The following subsections provide details in depth

for each process.
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Figure 4.1: The main steps of designing the experiment to map feature to the source code

by using execution trace.

4.1.2.1 Generating Execution Trace Process

Instrumenting source code is required to generate and profile the execution

trace for a running program. We propose to use a lightweight toolkit called

srcML (Collard, Decker, & Maletic, 2013) to profile every methods that are

invoked, including methods statement, when a scenario exhibits the desired

feature. SrcML tool is selected to profile the execution trace, because it is
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easy to use, and provides flexibility in profiling files individually or entire

the system. Figure 4.2 depicts the main processes that are needed to generate

the execution trace which are presented as follow:

Convert the source code to srcML format process is received a source

code in an original format to output the source code in XML format. This

translation is done for all the original source code for for a running system

to have the source code presented in XML format. For example, all the files

with the extension Java are translated to files with the extension XML. The

resulting of completing this process is an XML files which are utilized in

next process. For instance, a file called app.java is converted to app.xml by

using the command: src2srcml app.java -o app.java.xml.

XML transformation is required to perform instrumentation. The con-

verted XML is analysed by using XPath. Any element in the XML format

can be selected and extracted by using XPath. Insert profiler code process

uses a basic XSLT file that contains instruction of instrumenting source code

to collect information from the XML files. For instance, the profiler.xslt has

the required script to manipulate the data on XML files which are xml files.

The output of this process is an instrumented XML files that has all re-

quired information to hook all the methods and and methods’ content in the

system. Hint, profiler.xslt manipulate the xml files to profile all methods in-

cluding the content between the method’s entry and method’s exit, i.e entry

and return for each method.

Convert instrumented XML format to original source code format is the

last process to generate execution trace. The instrumented XML code are

translated to the original source code format with additional instrumentation

code to profile a running scenario’s events. For instance, the instrumented

XML file called app.java.xml is converted back to appV1.java by using the

command: src2srcml app.java.xml -o appV1.java. The file app.java is iden-

tical to appV1.java, except the appV1.java is an instrumented file to monitor
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the the program at runtime. At this process, we have an instrumented run-

ning program and the content of the execution trace is a result of exercising

a feature bases on the entered scenario. For instance, a scenario is used as

an input to exercise a software feature, and all the methods and statements

that are invoked during the execution are profiled on a file. This file is called

execution trace, and this is the output of the convert srcML format to source

code.

Hint, the main output results of the generated execution trace is the exe-

cution trace file. It a text file which contains on the list of all methods that

are invoked when execute a scenario to exhibit a desired software feature.
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Figure 4.2: Steps of generating execution trace process.

4.1.2.2 Filtering Execution Trace by Query Reformulation

Analyzing the generated execution trace relies on several steps. Static anal-

ysis dominates the the analysis techniques. The size of the execution trace

is a huge as the events that profiled such as methods and statements would

include many irrelevant data which called noise, and only part of them are

considered to be relevant to the feature of interest. Filtering the execution

trace is based on many factors such as the quality of the entered query, and
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how to they can be used to extract information based on the IR techniques.

The following subsections illustrate how creation corpus, entered query, re-

formulate query and uses IR techniques such as LSI, results to output a list

of ranked methods that are used to construct the software feature.

Corpus creation is the initial step to categorize the execution trace. In

this step, all methods are extracted from the execution trace, and represented

as documents. Each document indexes to the content of the document. For

instance, a method A is assigned as a document A. The content of the doc-

ument A is indexed with the content that were profiled from the method’s

entry to the method’s exit. Figure 4.3, shows each method corresponds to a

document, and each of a document is indexing to terms which are a content

of the method. In other words, the created corpus contains list of methods

in the execution trace, where each method corresponds to a document. Each

document includes method name, name of variable, function calls, identi-

fier names, and statements. For instance, when srcML profiles n number

of methods, that results the corpus to have n number of documents. Each

document indexes the content of the methods from the method declaration

to method return.
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Figure 4.3: Corpus indexing process.

Query reformulation techniques are used to search from the created cor-

pus. For instance, the developers write a query to locate relevant methods

from the created corpus by using (LSI) to retrieve a document that has a

matching string between the document and the entered query. If the query

does not have a string matching in the created corpus, the retrieve result

would be effected. Hint, the quality of the entered query plays an essential

role to determine the quality of the retrieved list of ranked methods. Semi-

auto technique in (Lu & Keefer, 1995) are used to expand or reduce the

initial query.

Query expansion refers to use addition terms for short query. For in-

stance, retrieved information is effected when the important terms are not

included in the search query. Three strategies are used to expand query

based in (Haiduc et al., 2013), such as Similarity-based (Rafiei & Mendel-

zon, 1997), Rocchio’s method (Rocchio, 1971), and Robertson Selection
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Value (RSV) (Robertson, Walker, Beaulieu, Gatford, & Payne, 1996).

Similarity-based is the first strategy (as shown in Equation 4.1) is used

to rank the top M documents and order the their terms based on the Dice

similarity between them based on the individual query words. The equation

can be presented as follow:

Dice =
2d fx∧y

d fx +d fy
(4.1)

where x denotes a term of the query, y donates a term of the top M docu-

ments, and d f illustrates the number of documents in the corpus, that con-

taining x, y, or both x and y. The Equation 1 results the two terms are

relevant only and only if the two terms present in the same document.

Rocchio’s method is the second strategy (as shown in Equation 4.2) is

used to locate a sum of the Tf-Idf scores as a metric for each term in the

top M document. Finding number of times the term is appeared in docu-

ment is an indicator to show the important of terms based on the document.

Term Frequency (Tf) refers to the number of times the term shows in a doc-

ument, and the Inverse Document Frequency (Idf), refers to the inverse of

the number of documents in the corpus containing that term and illustrates

the specificity of that term for a document that having it. The equation can

be presented as follow:

Rocchio = ∑
d∈Z

T f Id f (w,d) (4.2)

where Z indicates the set of top M related documents in the list of retrieved

result, while d indicates a document in Z, and the indication of term in d is

referred by w.

Robertson Selection Value (RSV), is the third strategy (as shown in

Equation 4.3) is used as a function to order the terms in the top M docu-
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ment. The equation can be presented as follow:

RSV = ∑
d∈Z

T f Id f (w,d)[p(w|Z)− p(w|O)] (4.3)

where the collection of documents in the corpus is indicated by O, the set of

top M related document in the list of invoked result is indicated by Z, d is

used to indicate a document in Z, and a term in d is indicated by w.

Query reduction refers to eliminate some data from the query to increase

the invocation quality based on better matching of the textual retrieval en-

gine. The reduction strategy in this approach suggests to delete the terms

that show in more than 25% of the document in the terms corpus based on

non-discriminating (Gay, Haiduc, Marcus, & Menzies, 2009).

Query and corpus keyword synonyms refers to add the synonyms of the

terms to enrich the created corpus in to enhance the the process of feature

location. The created corpus in Section 4.1.2.2 is linked to WordNet (Miller,

1995), to obtain the synonym for the entered query by the developer to have

a bigger search area in lexical database.

4.1.2.3 Measuring Methods Distance

The result of filtering execution trace is a list of ranked methods that are

relevant to the feature of interest. A further analysis takes place in this

process to find the distance between the ranked methods. The hypothesis

in this section proposes that the close distance between methods, re-orders

the methods to be on the top ranked list. In other words, the top ranked

methods are re-measured by using distance metric to confirm the accuracy

of the ranked method result in Section 4.1.2.2. The result of using distance

metrics may re-order the list of ranked methods that obtained by using query

reformulation technique. Static metrics and dynamic metrics are used to

measure the distance between ranked methods.
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Static Metrics refers to provide a distance between two methods based

on the methods implementation point of view. Such as finding the similarity

between methods implementation based on the methods lexicon.

Static analysis using similarity distance, the proposed technique involves

several steps to find similarity between methods and rank them (Desnos,

2012). First, each method is represented using a suitable representation

(such as abstract syntax trees or control flow graphs), and relevant fea-

tures are extracted. Next, a customized similarity distance is computed

between pairs of methods, considering both syntactic and semantic similar-

ities. Higher similarity scores indicate greater similarity. Finally, methods

are ranked based on their similarity scores. This approach can be applied to

identify methods similarity, enhancing static analysis and improving the list

of ranked methods.

Dynamic Metrics refers to provide a distance between two methods

based on the execution point of view. Such as using the number of time

the method is invoked and the execution time for methods to be executed.

To apply the dynamic analysis, the ranking and determining similarities

between methods, one can follow a JIVE approach (Lessa, Czyz, & Jayara-

man, 2010). Initially, compile a comprehensive dataset of Java programs

with varying complexities. Subsequently, utilize the JIVE tool to visually

trace the execution flow of these programs, observing how methods interact

and execute within the codebase. By analyzing the visualizations produced

by JIVE, patterns in method execution can be identified, aiding in the rank-

ing of methods based on their frequency of interaction, depth of invocation,

or execution paths. Additionally, similarities between methods can be in-

ferred by comparing their visual representations, highlighting commonali-

ties in how they interact with one another during program execution.
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4.2 Scenario Sifter to Filter Irrelevant Inputs in
DFLTs

Formulating accurate scenarios to exercise the software feature is essential

in carrying DFLTs. The properties of the formulating scenarios play a vi-

tal role in all dynamic analysis. The size of the execution traces depends

on the quality of the DFLTs’ input. In this second experiment, a practical

work is called a Scenario Sifter was designed and implemented. It aims to

support the software programmer in selecting the accurate scenario to exer-

cise the exhibited software feature. The experiment is based on the Online

Synchronous Instrumentation Approach (OSIA) to process the scenario’s

input as soon as the input is executed to exercise the software feature. The

Scenario Sifter excludes the irrelevant parts of the executed scenarios using

IR techniques. The accuracy of the proposed approach is evaluated against

three open-source Java projects, Sudoku, Notepad, and ArgoUML-SPL. The

evaluation is based on comparative analysis to evaluate the effectiveness of

using Scenario Sifter with DFLTs.

4.2.1 Overview

The second configuration of the AETFS is to divide the single scenario sev-

eral sub-scenarios to specify the input of DFLTs. Nowadays, all software

systems are subject to updates and maintains during the software’s life cy-

cle. Developers use supportive techniques to comprehend the software sys-

tems before implementing the required update. Dynamic Feature Location

Techniques (DFLTs) are used as supportive techniques to map the software

features to the relevant source code based on dynamic analysis. One diffi-

culty of using DFLTs is to allocate the required input of the required sce-

nario to exercise the software feature. It is time-consuming and error-prone

for the software developers to manually formulate all possible DFLTs’ input
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to exercise the feature of interest in a large software system. The software

developers must carefully prepare the DFLTs’ input as the generated execu-

tion traces rely on the formulating scenario. Currently, most of the DFLTs

use offline instrumentation techniques to collect execution traces rather than

using OSIA (Zhang, Gebhard, & Sokolsky, 2016). The offline instrumenta-

tion approach forces the developers to investigate the entire execution traces

when the scenario is fully implemented. Unfamiliar developers with the sys-

tem may apply inaccurate or unneeded scenario input, resulting in erroneous

execution traces. Hence, the accuracy of performing DFLTs is sensitive to

the input data on the system (Bittner et al., 2022). Any change in the sce-

nario’s input of the system affects the execution traces output on the DFLTs.

Therefore, the developers must formulate the exact scenario to exercise the

targeted software feature.

In a complex software system, the software maintenance teams seek a

solution to enhance the mapping process between the software features and

the source code. DFLTs accomplish the mapping, although preparing the

accurate scenario is a difficult task in a large system. Therefore, proposing a

solution to locate the appropriate input in DFLTs is essential to optimize the

generated execution traces. Solving the data input problem eases the diffi-

culties in developing the accurate required execution traces in DFLTs. There

is a need for DFLTs to find a solution to filter the input data automatically

to increase the assurance of having an exact scenario. Exercising a feature

using a correct input can result in more precise execution traces with fewer

false positives and more true positives and enable a more effective and effi-

cient mapping between the features and the source code. In addition, using

OSIA to profile a software program would help the software developers to

ease the difficulties in processing DFLTs. It limits the cost of generating a

large execution trace since the running input is partitioned into several sub-

inputs. Early detecting whether the parts of the DFLTs input are related to
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the feature or not reduces the burden of analyzing a large execution trace

(de Carvalho, 2019).

This subsection shows a technique called Scenario Sifter to enhance the

process of DFLTs. It supports DFLTs’ input to automatically determine

the required parts of the scenario’s input to exercise the feature of interest.

It automatically discards the irrelevant parts of the scenario’s input, such as

deleting unrelated factors in the scenario that may be used to exercise the tar-

get software feature. The proposed technique is developed based on OSIA

(Zhang et al., 2016), dynamic, and textual analysis. The OSIA (Zhang et

al., 2016) generates the execution traces synchronously based on indepen-

dently executing each part of the DFLTs input. It results in an execution

trace for each part of the scenario’s input. In addition, textual analysis is

applied for each collected execution trace to determine whether or not the

implemented running part of the scenario’s input is relevant to the exercised

feature. According to the characteristic of the Scenario Sifter, the imple-

mented scenarios’ input in the DFLTs presumes to be through the system’s

GUI in this work. A possible extension can execute Scenario Sifter input

through keyboards, text queries, test cases, or any other data input format in

DFLTs.

4.2.2 Experiment Design

The aim of this experiment is to create a prototype tool called a Scenario

Sifter. Figure 4.4 shows the main process to design the tool. It aims to

delete irrelevant parts of the scenario to increase the quality of the DFLTs

input. The high-level requirements to use Scenario Sifter are a compiled

program and data input (e.g., scenario and text query) to exercise the soft-

ware’s functional features. The proposed approach is based on the OSIA

(Gosain & Sharma, 2015) to collect execution traces independently for each

part of the running scenario. In addition, three IR techniques, including a
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query enhancement solution, are implemented in the Scenario Sifter to pro-

vide the final output for selecting the relevant part in the scenario input.

Generally, the Scenario Sifter decomposes the scenario input into a se-

ries of sub-scenarios based on the number of mouse clicking to generate

a series of execution traces. Only one sub-scenario (implemented by two

mouse clicks) is executed simultaneously. The remaining sub-scenarios stay

blocked unexecuted until monitoring the currently executed sub-scenario is

completed. Suppose the executed sub-scenario is related to the exhibited

feature. Then, the executed sub-scenario is stored in a specific component

on the Scenario Sifter system to be used in a further stage to implement

the right scenario to exhibit the software feature. Otherwise, the currently

investigated sub-scenario gets dropped from the system, and another sub-

scenario from the main scenario gets processed.

As shown in Figure 4.4, Scenario Sifter is a component-based solution

(Tiwari & Kumar, 2020), whereby each component refers to a module of

classes that represents independent system or subsystems with the ability to

interface with the rest of the system. The Scenario Sifter system is based

on the OSIA approach to synchronously profile independently each sub-

scenario which is a sub-set from the main scenario to determine its relevancy

to the exhibited feature. In the following subsections, we provide details in-

depth for each component in the system. The symbol notations we use are

listed in Table 4.1.
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Table 4.1: The basic symbols and definitions used in Scenario Sifter

Symbol Description

S Refers to a Scenario, representing the total actions needed to trigger a

feature on the system using the GUI.

F Indicates a Feature of the software system, a functional requirement

exercised by a scenario S.

T Represents the execution trace generated when a feature F is exercised

by a scenario S.

Q Denotes a query formulated with terms describing feature F using nat-

ural language.

MC Represents the required number of mouse clicks to exercise feature F .

f1, fn Subset of all features F that may be exhibited by a subset of scenarios

S. ( f1, f2, ..., fn)⊆ F .

s1,sn Subset of all scenarios S used to exercise feature F or parts of feature

F . (s1,s2, ...,sn)⊆ S.

t1, tn Subset of all execution traces T . (t1, t2, ..., tn)⊆ T .

mc1,mcn Subset of all mouse clicks MC used to implement a scenario S to exer-

cise feature F . (mc1,mc2, ...,mcn)⊆MC.

The final output of the Scenario Sifter is a set of sub-scenarios mapped

to the relevant execution trace to illustrate the critical part of the scenario.

Figure 4.5 shows the final output of the Scenario Sifter to filter the initial

scenario input.
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Figure 4.5: The final output of the Scenario Sifter to show important part of the initial

Scenario.

Hence, each sub-scenario in the Figure 4.5 indicates two mouse clicks.

In the following subsections, full details are provided in-depth for each com-

ponent in the system.

4.2.2.1 Data input in Scenario Sifter system

Figure 4.4 shows, there are two required inputs to perform the proposed

methodology, scenario, and query.

Scenario S is a set of actions that can be executed to exercise the tar-

geted software feature. Due to space limitation, S is defined to be a series

of action that can be implemented through mouse-clicking to exercise the

feature of interest via using GUI. Generally, the S input is decomposed into

a series of sub-scenarios (e.g., s1,s2, ...,sn). Each sn invokes an instrumen-

tation technique (Gosain & Sharma, 2015) to instrument a certain part of

the feature fn independently than the rest of the entire targeted feature F ,

generating an execution trace Tn that related to the executed sn. Hence, sn
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is executed when fn is exhibited by mouse clicking MCn which refers to

sn. Additional mouse click MCn+1 executes the second sub-scenario sn+1 to

exercise fn+1, and it terminates the current process of the generating Tn+1,

to start generating Tn+2 process. Hence, the S can be terminated at anytime

by right click on the mouse. The developer can navigate through GUI to

implement S by using a MC, or a touchscreen in case of using touch panel

GUI.

Query Q comprises a collection of terms crafted using a Natural Lan-

guage (NL) (Moreno et al., 2013) methodology to depict the targeted fea-

ture. Its primary objective is to determine the relevance of the executed seg-

ment of scenario sn to the specified feature F . The constructed Q employs

Textual Retrieval (TR) (Khatiwada, Kelly, & Mahmoud, 2016) strategies to

ascertain the pertinence of the executed sn to F following an examination of

the associated execution trace Tn. Moreover, the Query Quality Prediction

(Q2P) (Mills et al., 2017) technique is leveraged to enhance the effective-

ness of the IR methodologies utilized.

The purpose of Q2P in the context of Scenario Sifter tasks involving

TR is to automatically assess the quality of queries before analyzing the

results. By leveraging machine learning techniques and a set of query prop-

erties, Q2P predicts whether a query will retrieve relevant documents ef-

fectively. This prediction aids software engineers in optimizing their for-

mulating queries that used to describe the software feature, distinguishing

between high and low-quality queries to streamline their workflow. Q2P’s

application extends to concept location and traceability link recovery tasks,

where it guides developers on inspecting or reformulating queries based on

their quality, ultimately enhancing the efficiency and accuracy of TR-based

software engineering practices.
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4.2.2.2 Scenario segmentation

The input of the formulated scenario is based on using the system’s GUI.

The scenario input is decomposed into several of sub-scenarios. Each sub-

scenario exposes a particular part of the targeted feature. For instance, the

scenario usually consists of a series of sub-scenarios, e.g. a feature in Mi-

crosoft Word called ”Save As”, it can be exercised by a scenario, ”Start

Application, click on File, click on Save As, choose distention to save the

file, click on Save”. This scenario is formulated based on five sub-scenarios

correlated with the mouse clicking. Hence, some sub-scenarios may consist

of others iterative sub-scenarios, such as choosing a file destination, which

needs more than one mouse click to proceed with it. Each time the devel-

oper acts, i.e., mouse-clicking, a session is initiated to start profiling, and the

following mouse-clicking triggers the end of the current profiling session to

form a new profiling session if exists. For illustration, the first mouse-click

sends a signal to launch the instrumentation technique to indicate the event’s

start. The second mouse-clicking sends a signal to stop the instrumentation

technique and relaunch it for the second event if the scenario is not termi-

nated by right mouse clicking.

The output of the scenario segmentation component is a series of sig-

nals to control the instrumentation technique. Each signal includes a unique

identification number used to map the current executed sub-scenario when

the feature is exhibited to generate an execution trace. The following Sub-

sections 4.2.3.3 illustrates how the output of the scenario segmentation com-

ponent controls the instrumentation technique to exercise the software fea-

ture based on the OSIA as shown in Figure 4.4.

4.2.2.3 Instrumented Feature

Instrumentation technique can be used to trace the software application be-

havior at runtime. Several techniques are available for tracing user interface
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events (Di Martino, Fasolino, Starace, & Tramontana, 2021). An instru-

mentation approach is required to specify the locations in the targeted ap-

plication to capture the invoked information during execution time based on

using mouse clicking. Mouse clicking can be used to control the instrumen-

tation techniques by creating a Mouse Listener (MouseEvent.getButton()

method in Java) to manage when the instrumentation starts and ends gen-

erating execution trace. For instance, an execution trace Tn is generated for

every two mouse clicks MC. Hence, the number of the generated Execution

Traces T by implementing the entire S is around 50% ≤ the total number

of the Mouse Clicks MC when F is exhibited by a series of Sn. The follow-

ing equation illustrates the number of the execution traces that expected for

mouse clicks:

Tn =
MCn

2
(4.4)

where Tn indicate the number of execution trace, and MCn refers to the

total number of mouse clicks.

The targeted feature should be instrumented so the result of every mouse

clicking is captured to start profiling all invoked data between two mouse

clicks. There are several open source instrumentation techniques can be

used to generate execution trace based on tracing program at bytecode level

(Horváth et al., 2019; Soueidi, Monnier, Kassem, & Falcone, 2021). How-

ever, Scenario Sifter aims to provide a solution for Java1 programing lan-

guage on this experiment. Therefore, instrumentation approach is performed

at the bytecode level, in stack-based virtual machines like the JVM. Each in-

voked data is represented by an instruction pushing a value on the operand

stack, which can be used with an advantage. Technically, instrumentation at

the bytecode option has the advantage of not requiring the system to be un-

der analysis before its launching. Currently, the invoked methods, classes,
1https://docs.oracle.com/javase
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and variables are profiled to make the most scenes to create the required data

that can be used in the later phase on Scenario Sifter system. Methods exe-

cution events are recorded when a method body is executed, while method

Call event refers to provide method dependencies (Hilsdale & Hugunin,

2004). For instance, the invocation of the methods and the classes are pro-

filed in the instrumentation models, without monitoring the dependencies at

this case. For the variable, the profiler monitors the details information of

all variables defined or used at statement. Each variable is indexed with its

definition or use, in addition to object address of array and any indexing in-

formation. Moreover, variable values are computed at runtime, and indexed

in the execution trace to enhance the information when IR technique used

in later stage.

Moreover, the instrumented feature by using Java Implemented VERGE

Editor (JIVE)2 produces an execution trace that corresponding to exhibited

part of the feature. Another recommended approach that can be used in

this case is called Soot framework (Vallée-Rai et al., 2010). It profiles a

unique identifier of each execution thread (utilizing Thread.getId()), and

for each statements within the thread. In addition, it provides a low-level

bytecode tracing, and intermediate IR manipulation. The collected execu-

tion trace monitors methods, classes, and variable-level that corresponding

to every independent T n for each Sn.

the Soot framework plays a significant role in VERGE by offering ad-

vanced profiling capabilities and facilitating detailed analysis of software

execution traces. Soot is integrated into the workflow to enhance the instru-

mentation process alongside the Java Implemented VERGE Editor (JIVE).

By leveraging Soot, unique identifiers for each execution thread are pro-

filed using Thread.getId(), enabling precise tracking of statements within
2JIVE is an open-source plug-in that can be integrated with Integrated Development Environment (IDE)

such as Eclipse to provide the programs execution trace with several other execution trace feature.
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threads. Soot’s functionality extends to providing low-level bytecode trac-

ing and intermediate IR manipulation, thereby enhancing the granularity of

the collected execution traces. This comprehensive monitoring allows for

the identification and analysis of methods, classes, and variables at different

levels, aligning closely with the generation of independent execution traces

Tn for each Sn within the software feature under examination.

The proposed instrumentation technique should be packaged into exe-

cutable file, aggregating many Java class files and associated metadata and

resources into one file for distribution. The Java instrumentation at bytecode

level can be implemented as a Java agent working inside JVM. At the run-

time, the Java agent monitors class loading events, and logging instrumen-

tation is injected into the loaded classes using a Java bytecode manipulation

frame work, such as ASM library3. The injected logging instructions in the

Java agent are executed as a part of the target program . Note that, the stan-

dard library classes (e.g., java and javax package) or any other libraries

can be executed from injection to prevent overhead instrumentation.

The opted instrumentation technique must be safe, efficient, and pre-

venting runtime overhead. The instrumentation tool is converted to exe-

cutable JAR file to instrument Java classes when they are loaded by JVM.

The instrumented executable JAR file is controlled to start and end the

instrumentation to start generating execution trace by using mouse click

(e.g., Mouse Listener (MouseEvent.getButton()) method) in Java.

The instrumentation process should not result to alter the functionality be-

havior of the target application. In addition, the instrumentation technique

must generate an execution trace to show all invoked data. The output of

this component is Tn which is corresponded to Sn. Hence, the collected ex-

ecution trace is based on OSIA environment. Each Tn begins under analysis

as soon as sn executed.
3https://asm.ow2.io/
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4.2.2.4 Processing Execution Trace

Analysing the collected execution trace is an essential step in DFLTs. The

first step in processing execution trace component is to load the execution

trace file for analysis. The execution trace contains low-level information

such as methods calls, classes, variables, or any other events. The collected

execution trace is parsed to obtain the required data to preform TR analysis

to determine its relevancy to the input Query (Q) that describes the feature

of interest. The execution trace is defined as the collection of the software

artifact that retrieves important information regarding to the software exe-

cution. The file contains the lines executed from the source code when the

scenario exhibits the feature of interest. Each scenario consists of a series

sub-scenarios. The output of each executing sub-scenario consists of text

files named by the package and class executed. Each execution trace con-

tains the number of lines executed within the source code of the individual

running sub-scenario.

The execution trace usually contains utility methods and repetitive meth-

ods that are invoked during executing a scenario, i.e. a sub-scenarios in this

case. The distribution of frequencies is applied to filter all the utilities meth-

ods, such as the method invoked when clicking on the mouse, that imported

from packages and libraries. Moreover, Run Length Encoding (RLE) algo-

rithm is implemented to reduce the size of the execution trace by removing

the replication between the methods in the execution trace (Khoury, Shi, &

Hamou-Lhadj, 2016).

The following subsections describe how the collected execution traces

are processed to select the relevant sub-scenarios to exercise the feature.

Term Corpus
A term corpus is required to be created to analyse the execution trace,

and extract the required information to perform Scenario Sifter. The text

content on the execution trace is extracted, where each document corre-
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sponds to a method or class. The text corpus is required to create a term-by-

document co-occurrence matrix to retrieve the data based on the queries in

NL that describe the feature of interest (Arcega et al., 2017).

Several preprocessing steps are usually required to be performed before

the term corpus phase in contextual representation. The steps commonly

used are (Binkley, Lawrie, Uehlinger, & Heinz, 2015; Wang, Peng, Xing,

Fu, & Zhao, 2017):

• Splitting: discrete tokens into basic words based on ordinary coding

style conventions such as CamelCase and Naming conventions split

• Normalizing: change each upper case letter with the analogous lower

case letter

• Filtering: delete stop words such as articles, or short words. In this

case, delete all the profiled java packages such as java.lang.

After the extraction, a document is obtained for each method of prod-

uct variant in raw text format. The obtained corpora are used to evaluate

whether the generated execution trace is relevant to the feature or not based

on the input query that is enhanced by using a prediction system (Mills et

al., 2017) to indicate the quality of the query in retrieving the relevant infor-

mation from the created term corpus when IR techniques used.

Query Prediction
Scenario Sifter requires to use a query as an input when the feature is ex-

ercised. The developers enter text query that describe the feature of interest.

The query is formulated manually by using selected NL inspired approach.

The term query quality refers to the ability of the query to retrieve the rel-

evant software artifact, and the retrieval data can be easily located by the

developers. The query achieves this is considered a high-quality query, as

opposed to a low quality query, which either fails to even select the doc-

ument that may contain the relevant data to the query. The output of the
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Query Prediction component is a binary classification of two choices, high

or low quality to help the developers to make the decision clearly whether

purse the query or reformulate it. The successful retrieval, leads to a re-

sult of a set of artifact that in the scenario are useful for solving the current

Scenario Sifter task at hand by assuming the used query is the best possible

approach.

The proposed query system is supported by using a prediction called

Q2P (Mills et al., 2017) to predict the quality of the entered query. The main

purpose of using Q2P is to give the developers a clear indication of whether

the query that is used to describe the feature of interest is worth pursing

it or should be reformulated for a better performance. Hence, relying on

the basic NL process is not enough to determine the quality of the query in

retrieving the data, while the semantic relationship between words in natural

language documents differ than in execution trace or source code.

Q2P is categorised into pre-retrieval properties and post-retrieval prop-

erties, depending on the moment when they are implemented. Pre-retrieval

properties are captures before the query is executed, while post-retrieval pro-

prieties are computed after query execution. The query predictor approach

uses Machine Learning (ML) techniques and a set of 21 pre-retrieval tech-

niques that are used to measure the query before executing it. In addition,

7 post-retrieval techniques that are used to measure the query after the ex-

ecution. For example, during Scenario Sifter process, the developers can

use the quality information as an indicator of the correctness of terms that

are used to describe the feature of interest (in the case when the quality of

the query is high) or reformulate the entered query (in the case when low

quality is indicated). The developer can rely on highest quality of the query

if multiple queries that are formulated marked as low quality.

The prediction of the quality of the textual queries in the context of the

Scenario Sifter task, and making this information available to the developer
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before his or her analysis of the collected execution trace begin. The entered

query is considered a good, when the retrieval code elements is likely to

contain code relevant to the feature of interest that describe by the entered

query. Unless, the investigated part of the execution trace is not related to

the targeted feature. The developers have an instance feedback about the

quality of the formulated query. The Q2P system indicates whether the

current formulated query is in high-quality or not in the retrieval document

in the current execution trace artifact.

Retrieval Phase
IR techniques are required to be used in Scenario Sifter to select the

relevant part of the executed sub-scenarios. Three IR techniques that are

commonly used in FL are selected indicate whether the processing execu-

tion trace is relevant to the target feature or not. In addition to the use of

the input text query that enhanced based on using Q2P system. These tech-

niques are namely, Paragraph Vectors (DVs), Latent Dirichlet Allocation

(LDA), and Latent Semantic Indexing (LSI). The accumulated average re-

sult of three IR techniques is calculated to compare it against the threshold

value to decide whether the allocated execution trace Tn is opted to be re-

lated to the feature of interest or not. These techniques are described as

follow:

LSI is a Natural Language Processing (NLP) technique as well as unsu-

pervised learning technique. The aim of LSI is to create representation of

the text data (execution trace) in term of topics or hidden feature. The ap-

proach obtains an underlying latent semantic structure from data composed

by words. The main idea of the proposed LSI is to map each method or class

into some concept, and map each term into some concept. The concept is

defined as a set of terms, with weight. For instance, the input query that de-

scribes feature of interest, it uses the retrieval process first make use of the

first matrix. The term concept matrix is used to locate the the right concept
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that related to the input query. Then, the method concept matrix is used to

assign a weight for the result of the first matrix.

LSI process is automated to retrieve the document beyond than exact

match between the input query and the retrieved methods or classes. The

idea is the text methods or classes can be presented as points in the Eu-

clidean space. These points are called vectors. Table 1 illustrates an exam-

ple of a Method-term Matrix. Each row in Table 4.2 represents one of the

method by using method’s identifier. Each column in Table 4.2 represents

a term that appear in method’s content, such as statements, variable, and

etc. These terms should be appeared at least one in the methods as shown

in rows of Table 4.2. For instance, (0, 1, 0, 1) is the value vector for the

Method1.

Table 4.2: Method-Term matrix based on LSI concept

term1 term2 term3 termn

Method1 0 1 0 1

Method2 1 1 0 1

Method3 0 0 0 0

Methodn 1 0 1 1

Moreover, LSI requires to use Singular Value Decomposition (SVD) on

Method-term Matrix. The SVD reduces the Dimensionality of the original

dataset by encoding it using hidden features. Hence, LSI represents the topic

in the original text data.

The output of LSI process is a list of ranked methods or classes, assigned

with vector values. The the average of the top highest values are selected

for a further analysis in Processing Execution Trace component.

DVs is a ML process. It is known as Deep Learning (DL), that learns

a feature representation for a given piece of text like sentences, paragraphs,

and documents (Q. Le & Mikolov, 2014) to produce word embedding. Any
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given term is associated with a numbers. For instance, the input query that

is used to describe the feature of interest is replaced by array of numbers.

Mathematical calculation is applied to find the similarity between the input

query and the retrieved data. Euclidean distance is calculated to find the

similarity between two terms.

In other words, DV solves the problem in finding the similarity between

the input query and analyzed text. Each term is displayed as a unique vec-

tor represented by a size space dimensions. The size of the dimension is

defined by a hyper-parameter K, and the learning process consists of a su-

pervised task, where the set of methods or classes is used to construct these

representations. Each vector is indexed by the position of the entire terms

in the space. The concatenation of sum of vectors is subsequently used as a

features for predicting for the next term in the sentence. The prediction task

changes the word vectors and paragraph vectors.

In this case, the methods or classes are extracted from the execution trace

to constructed DV. The content of the method’s terms are tokenized and

indexed to the method identifier. Each term, including method’s identifier

is represented by vectors that close to each other as shown in Figure 4.6.

The input query locates the relevant methods based on the vector similarity

between the query and the dimensional space content.
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Figure 4.6: DV to show how the method is represented with terms.

The output of DV process is a list of ranked methods or classes, repre-

sented in decreasing order assigned with vector values (Corley, Damevski,

& Kraft, 2015). The average of the highest values are selected for a further

analysis in Processing Execution Trace component.

LDA is a topic model that generates a topic based on words frequency

from a set of document. It is used probabilistic model for collections of

discrete data such as text corpora (Blei, Ng, & Jordan, 2003). The proposed

model represents a method or class as a probabilistic mixture of topics,

where a topic is a distribution of words. Each method or class has a proba-

bility of belonging to each hidden topic, that built on the corpus phase. In

order to locate the similarity between the methods generated by this model

from the execution trace, it is important to compare the distribution of the

topics of each one. The proposed metric enhances the calculation with the
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divergence of probabilistic distributions and, therefore, a statistical compar-

ison of which methods or classes are more similar to the probability of the

topics that make up each method or class. The initial step is to implement

the distribution of topics from each method or class that extracted from the

execution trace. The construction of the topics is also performed in an un-

supervised way, defined by a hyper-parameter K, where K is the number of

topics in the model. Second, a vector representation for the location query.

This representation is built based on the dictionary of terms obtained in the

previous phase, where the dictionary of terms is a set of words or tokens ex-

tracted from documents. With this representation, we are able to construct a

probability distribution of topics for the query, that allows comparison with

other methods or classes. The JSD is used to construct an array of distance

from the query, already in the topic distribution format, to each document.

The lower the value found in relation to a method or class, the more similar

it is to the query. The results are then sorted in ascending order, constituting

the artifacts located by the technique.

The output of LDA is converted by using Gensim Library4 to assign

probability score for each term in the input query. The retrieved method is

ordered based on the number of terms that appear in the topic in descending

order.

4.2.2.5 Selected Execution Trace

A comparative analysis involving three distinct techniques, namely LSI,

DVs, and LDA, offers a comprehensive insight into the efficiency and effec-

tiveness of these methods within the context of software engineering tasks,

particularly in tasks such as feature location. By evaluating the output of

each technique, which includes ranked methods or classes assigned with

vector values and corresponding execution traces, developers can discern
4https://radimrehurek.com/gensim/
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patterns, similarities, and discrepancies in the representation and retrieval

of information, aiding in scenario-based feature location. The comparison

of the average scores derived from these techniques not only aids in identi-

fying the most suitable approach for a given task but also sheds light on each

method in accurately locating software features based on specific scenarios.

Such a comparative examination enables informed decision-making regard-

ing the selection and optimization of text retrieval mechanisms, ultimately

enhancing the precision and relevance of information retrieval processes in

selecting the accurate scenario to perform DFLTs.

All the execution traces are filtered through the Threshold state based

on the result of using list of IR techniques, such as LSI, DVs, and LDA.

The threshold can be defined as he average of the highest values that are

selected based on using the proposed IR techniques. The threshold is used

to decide when the execution trace is considered to be part of the scenario

to exhibit a feature. The related execution traces to the features are stored

in the component called Selected Execution Traces for a mapping between

execution trace and the related part of the scenarios.

4.2.2.6 Data Output in Scenario Sifter System

Figure 4.5 shows the main output of using Scenario Sifter to indicate the

important part of the scenario based on filtering the irrelevant events. For

instance, the Scenario n in Figure 4.5 is formulated based on four events,

Event 1, Event 2, Event 3, and Event n. The use of Scenario Sifter optimises

the events to two events, Event 2, and Event n, to exhibit the feature of

interest.
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4.2.3 Implementing and Execution Phase

In this section, the goal of the proposed methodology is presented by practi-

cal examples to show the effectiveness of using Scenarios Sifter in deleting

irrelevant input of the scenario to increase the accuracy of the required sce-

nario to exercise the feature of interest to preform DFLTs. In addition, a

comprehensive description is included to show how Scenario Sifter is eval-

uated by using two DFLTs, metrics used, and methodology that is used for

computing the evaluated metrics. Overall, the implementation aspect of

Scenario Sifter is discussed in detail in this section.

The case study was implemented on a Fedora Linux workstation edi-

tion with a Quad-core Intel Core i5-8350U 1.70GHz processor and 8GB

DDR4 RAM. The implementation consists of several subsections, and each

subsection provides a full detail about proposed part in the implementation.

4.2.3.1 The case study targeted systems

The case study is implemented in three open-source Java software applica-

tion that are widely used for FL implementation, analyses and evaluation:

ArgoUML-SPL (Martinez et al., 2018), Notepad and Sudoku (Kim, Batory,

& Dig, 2017). These datasets are commonly used to assess and test the per-

formance of FLTs in both direction static and dynamic approaches (Asadi,

Antoniol, & Guéhéneuc, 2010; Michelon, Linsbauer, et al., 2021; Kästner,

Dreiling, & Ostermann, 2013). Regarding in Chapter 2, research papers that

used ArgoUML-SPL to generate execution trace for the system features,

only used in this system as a benchmark dataset for evaluation. The ground-

truth dataset for Notepad and Sudoku were generated manually. Moreover,

the use of others two system are due to creating a more robust result that can

be used for evaluation. Table 4.3 illustrates the number of lines of the appli-

cation source code (LoC), the number of functional features (# of Features),

programing language, and the software application’s name.
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In regard to the use of ArogUML-SPL system, a benchmark is obtained

in advance (Martinez et al., 2018), which can be used as an appropriate

dataset to evaluate and measure the effectiveness of using the Scenario Sifter.

ArogUML-SPL has several features that are presented as diagrams, which

creates the suitable environment to implement the proposed methodology

where the features can be exercised manually by implementing a scenario

through GUI. Nevertheless, the Scenario Sifter is suited to be used though

the GUI for any Java software application. Any feature could not be exer-

cised though GUI, it was not executed in the implemented case study. The

application was executed as a JAR executable file though a command line:

java -jar ArogUML-SPL.java

Therefore, for ArgoUML-SPL, the considerable features were that beside

the features that accepted to implement the scenario through the system’s

GUI. For instance, Cognitive and Logging features were excluded from the

implemented case study due to their setup to run automatically in the back-

ground.

In order to evaluate the system with Notepad system, and Sudoku ap-

plication, six features were selected for each of them to be exercised by

six different scenarios respectively. The application was executed as a JAR

executable file though a command line:

java -jar Notepad.jar

Therefore, the considerable features were that beside the features that ac-

cepted to implement the scenario through the system’s GUI. For the Sudoku

application, several features were exercised through navigating through GUI.

The system was executed as a JAR executable file though a command line:

java -jar Sudoku.jar

127



Therefore, the considerable features were that beside the features that ac-

cepted to implement the scenario through the system’s GUI.

For the aforementioned target systems, all the implemented software ar-

tifacts and configuration that used for the evaluation are available publicly5.

Table 4.3: Application systems that are used to experiment Scenario Sifter

Application Name Language LoC # of Feature

ArgoUML-SPL Java 37494 8

Notepad Java 1192 27

Sudoku Java 1975 6

4.2.3.2 Formulate the input scenario and query

The case study systems all feature a GUI crucial for conducting scenar-

ios. These scenarios, defined as a series of steps to demonstrate specific

functional attributes within the instrumented software system for execution

trace generation (Buzaid & Hammad, 2021a), are structured to emphasize

the targeted functionalities. Sub-scenarios are created based on the number

of mouse clicks required to complete the full scenario, exemplified by the

exercise of the Activity Diagram in the ArgoUML-SPL tool, which necessi-

tates a minimum of four mouse clicks. Each pair of clicks forms a distinct

sub-scenario, serving as a subset of the overarching scenario. The initiation

of a sub-scenario is signified by the first click, while the second click marks

its conclusion and may also signify the commencement of the subsequent

sub-scenario, emphasizing the sequential and precise nature of the scenario

execution.

Three software systems were investigated to formulate six scenarios for

six feature for every software system. A full information about creating

scenarios was provided for ArgoUML-SPL, and for the briefing purpose,
5https://github.com/buzaidf/Scenario-Sifter
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the reset of the others scenarios was provided on the evaluation on Chapter

5. ArogUML-SPL’s GUI can be used to implement a set of scenarios, where

each scenario is decomposed into a series of sub-scenarios. The developer

implements the sub-scenarios of the proposed full scenario by navigating

on the ArgoUML-SPL’s GUI and use the mouse clicking to exercise the

targeted feature. An execution trace is generated as a result of two mouse

clicking in exercising the feature of interest. Table 4.4 shows examples of

how scenarios are formulated to exhibit features in ArgoUML-SPL appli-

cation, and allocate the relevant number of the generated execution traces.

Each feature on the Table 4.4 requires at least the indicated number of mouse

clicking to generate the relevant number of the execution traces. The unfa-

miliar user’s with the system can formulate another seniors than what is

illustrated on the table 4.4 which may require to implement more number of

mouse clicking, and that generate a more number of the execution traces.

The input queries on the ArgoUML-SPL case study were formulated by

the developer to describe the task that the developer was aiming to do. All

the input queries were enhanced by Q2P system to support the developer

to select the highest quality of the query in retrieving information from the

created term’s corpus.
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Moreover, ArgoUML-SPL is written in Java programming language.

Event handlers, and listeners can be used to manipulate scenarios to con-

trol the instrumentation technique based on the mouse clicking. A small

program was coded6 to generate events. Once the event is generated, it

transformed into event listener. The event listeners are interfaces to han-

dle the events. The combination between event class, and the event inter-

face, the event can handle a session to control the instrumentation technique

(Memane, 2020). Listing 4.1 shows how to code the scenario to exhibit

ArogUML-SPL’s GUI application to control the instrumentation technique

in order to generate the required execution traces. In this section, the goal

of the proposed methodology is presented by practical examples to show

the effectiveness of using Scenarios Sifter in deleting irrelevant input of the

scenario to increase the accuracy of the required scenario to exercise the fea-

ture of interest to preform DFLTs. In addition, a comprehensive description

is included to show how Scenario Sifter is evaluated by using two DFLTs,

metrics used, and methodology that is used for computing the evaluated

metrics. Overall, the implementation aspect of Scenario Sifter is discussed

in detail in this section.

4.2.3.3 Instrumentation

An instrumentation technique is required to be used to profile all the invoked

methods, classes and variables data during exhibiting the feature of interest.

The instrumentation technique is controlled by the mouse clicking when the

developer exercises the feature via the application’s GUI.

The Equation 4.4 is used to quantify the relationship between mouse

clicks and the generation of execution traces within a software applica-

tion. By defining that one execution trace is produced for every two mouse

clicks, this equation efficiently outlines the mapping between user inter-
6https://github.com/buzaidf/Scenario Sifter
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actions (mouse clicks) and the system’s response (execution traces). This

calculation provides a straightforward means to estimate the number of ex-

ecution traces that can be expected based on the frequency of user-initiated

actions, aiding in the analysis and optimization of software behavior and

performance.

Java bytecode toolkit (Javassist) (Horváth et al., 2019) offers an effec-

tive way to profile the invoked data during execution time by using a proxy

to investigate the application at bytecode level. The Application Program

Interface (API) of Javassist starts from the class pool, which acts as a class

path to get all the resource from the class pool. CtClass is used to iterate

and inspect on the internal structure, such as fields, methods, constant, and

constructors. Listing 4.1 shows ClassPool cp is the representation of the

class path. Then, CtClass ct is used to create the target presentation data on

the profiled execution trace, such as indicating which method is required to

be profiled by the instrumentation system.
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1

2 public static void premain (String [] args)

3 throws Exception{

4 ClassPool cp = ClassPool.getDefault ();

5 CtClass ct = cp.makeClass(

6 "com.zt.A,

7 cp.get("cp.zt.Clazz"));

8

9 CtMethod [] methods = ct.getMethods ();

10 for (CtMethod method : methods) {

11 \\ add more instruction to fulfil

12 \\ what is required to include in

13 \\ the execution trace

14

15 }

16 ct.writeFile("/output");

17 }

Listing 4.1: Javassist instrumentation technique to profile data

For this case study, the software feature is instrumented by using java

bytecode instrumentation (Horváth et al., 2019) for each scenario indepen-

dently to apply OSIA. Selogger tool7 was used, and some modification were

implemented to provide an execution trace for every running sub-scenario.

The Selogger’s instrumentation technique is executed as a JAR (Java Agent

) file to instrument the targeted software system which is implemented as

an executable JAR file. The Java agent is the gateway to the class loading

process where you can intercept the bytes being loaded and start manipu-

lating them. The main class of the Java Agent includes premain method

to provide the mechanism that is associated with the java.lang.instrument

package, used for loading ”Agents” which make byte-code changes in Java

programs. It works by specifying Java Agent arguments and run the tar-
7https://github.com/takashi-ishio/selogger
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geted program. For instance, ArgoUML-SPL system was instrumented by

the following command:

java -javaagent:Selogger.jar -jar ArgoUML

-SPL.jar

All the required construction to profile the invoked data was implemented

on ClassFileTransformer. It has many arguments, including byte[] class-

fileBuffer where all Java Agent API can be implemented as illustrated in

Listing 4.2.

1

2 new ClassFileTransform (){

3 public byte[] transform

4 (Classloader loader ,

5 String className ,

6 Class <?> classBeingRedefined ,

7 ProtectionDomain protectionDomain ,

8 byte[] classfileBuffer){

9 ClassPool cp = ClassPool.getDefault ();

10 CtClass ct = cp.makeClass(new

11 ByteArrayInputStream(classfileBuffer));

12

13 \\Here we can do all things to ’ct’

14

15 return ct.toBytecode ();

16

17 }

18 }

Listing 4.2: Snapshot of ClassFileTransform to profile invoked methods

The output of the instrumentation technique is an execution trace for

every running sub-scenarios. The implementation was based on OSIA to

provide instant instrumented approach for the current exhibited feature or
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even part of the targeted feature. The execution traces were formatted as text

file, including all invoked methods, classes name, and instance variables.

4.2.3.4 Execution trace analysis

The use of Java Agent to instrument the targeted systems generates an ex-

ecution trace for every running sub-scenario, corresponding to the current

exercised feature or part of the feature in some cases. The generated execu-

tion trace was monitored based on OSIA to determine whether the collected

execution trace is relevant to the feature of interest or not. The relevancy

of the execution trace to the feature indicates how the corresponding sub-

scenario is important to be included in the required scenario to exhibit the

software feature. There are several techniques were used to analyse the exe-

cution trace and these implemented techniques were summarized as follow:

Term corpora was constructed to use input query, enhanced by Q2P sys-

tem to retrieve the data and find whether the document (execution trace) is

recommended to be included on the scenario. We extracted every meth-

ods from execution trace by using a tool called SELOGGER 8. Helmholtz

Principle (Dadachev, Balinsky, Balinsky, & Simske, 2012) was used to auto-

matically extract the keywords for document processing. Using Helmholtz

Principle was more efficient than using TF-IDF to extract the keywords from

the execution trace. The execution trace was treated as a type of document.

There was an execution trace for each running sub-scenario. The text of an

inner method such as a method inside an anonymous class, it is included to

that method, and not the containing one.

After extracting documents and tokenizing, we split the tokens based on

camel case, underscores, and non-letters. We only keep the split tokens;

original tokens are discarded. We normalize to lower case before filtering

non-letters, English stop words, Java keywords, and words shorter than three
8https://github.com/takashi-ishio/selogger
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characters long. We do not stem words. Here, we must be careful to not

lose ordering of the words, as it can be used for a further stage in optimizing

solution.

One aspect of working with execution trace requires to use textual IR

techniques to investigate the number of documents and terms. Table 4.5

illustrated the the results of the implementation of three IR techniques, i.e

LSI, LDA, and DVs as ML model. For each generated execution trace, that

correspond to a certain sub-scenario, we assign the average value of us-

ing the three proposed IR techniques against the threshold value to indicate

whether the processing execution trace is related to the feature based on the

input query or not.

The threshold value of 0.1 utilized in the study was strategically chosen

based on practical implementations across three case studies detailed in the

chapter. The decision to opt for this threshold was primarily driven by the

necessity to prevent zero values, which would not align with the practicali-

ties of the case study scenarios (Zamani, Lee, Shokripour, & Anvik, 2014).

This approach not only ensured the integrity of the data analysis process but

also contributed to the overall robustness and applicability of the research

findings within the context of the study.

The three implemented techniques, LSI, LDA, and DV return a vector

value between (0-1) to measure the similarity between the input query and

the execution trace content e.g., methods, and classes. The vector value 1

indicates a complete similarity between the input query and the execution

trace with value 1. A complete non-similarity between input query and the

execution trace is indicated with value 0.

Table 4.5 presents the results of using Scenario Sifter in deleting irrele-

vant parts of the scenarios. The irrelevant parts were determined based on

the decision of the average of three IR techniques, namely LSI, LDA, and

DVs. The proposed retrieval system used text query that enhanced by a sys-
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Table 4.5: Execution traces analysis for every sub-scenario by using IR techniques.

ArgoUML-SPL - IR Techniques

Feature

ID

Text Query Input (Q2P) Sub-scenarios sn LSI LDA DVs Average=µ Threshold=τ Result

F1 Implement state diagram s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Click on File 0.0021 0.0013 0.0018 0.0017 µ ≥ τ Rejected

s3 : Click on Open Project 0.0220 0.0187 0.0139 0.0182 µ ≥ τ Rejected

s4 : Select

passportclassdiagram.zargo

0.0110 0.0069 0.0094 0.0091 µ ≥ τ Rejected

s5 : Click open 0.1310 0.0825 0.1113 0.1082 µ ≥ τ Selected

s6 : Select untitledMode 0.1440 0.0907 0.1224 0.1190 µ ≥ τ Selected

s7 : Click on Create Diagram 0.2310 0.1455 0.1963 0.1909 µ ≥ τ Selected

s8 : Click on New State Diagram 0.2311 0.1456 0.1964 0.1910 µ ≥ τ Selected

F2 Implement activity

diagram

s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Click on File 0.0101 0.0064 0.0086 0.0083 µ ≥ τ Rejected

s3 : Click on Open Project 0.0210 0.0132 0.0178 0.0083 µ ≥ τ Rejected

s4 : Select

passportclassdiagram.zargo

0.1211 0.0763 0.1029 0.1001 µ ≥ τ Selected

s5 : Click open 0.1313 0.0827 0.1116 0.1001 µ ≥ τ Selected

s6 : Select untitledMode 0.1430 0.0901 0.1215 0.1182 µ ≥ τ Selected

s7 : Click on Create Diagram 0.2322 0.1463 0.1974 0.1919 µ ≥ τ Selected

s8 : Click on Activity Diagram 0.3310 0.2085 0.2814 0.2736 µ ≥ τ Selected

F3 Implement use case

diagram

s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Select on untitledModel 0.1431 0.0902 0.1216 0.1183 µ ≥ τ Selected

s3 : Click on Create 0.2310 0.1455 0.1963 0.1909 µ ≥ τ Selected

s4 : Select New Use Case Diagram 0.3200 0.2016 0.2720 0.2645 µ ≥ τ Selected

F4 Implement collaboration

diagram

s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Click on File 0.0120 0.0076 0.0102 0.0099 µ ≥ τ Rejected

s3 : Select

passportclassdiagram.zargo

0.1011 0.0637 0.0859 0.0835 µ ≥ τ Rejected

s4 : Click Open 0.0120 0.0076 0.0102 0.0099 µ ≥ τ Rejected

s5 : Select

passportclassdiagram.zargo

0.1011 0.0637 0.0859 0.0835 µ ≥ τ Rejected

s6 : Click Open 0.0120 0.0076 0.0102 0.0099 µ ≥ τ Selected

s7 : Select untitledMode 0.1341 0.0845 0.1140 0.1108 µ ≥ τ Selected

s8 : Click on Create diagrams 0.2200 0.1386 0.1870 0.1818 µ ≥ τ Selected

s9 : Select New Collaboration

Diagrams

0.3420 0.2155 0.2907 0.2827 µ ≥ τ Selected

s10 : Click File 0.0120 0.0076 0.0102 0.0099 µ ≥ τ Rejected

s11 : Select Close 0.0011 0.0007 0.0009 0.0009 µ ≥ τ Rejected

s12 : Click Cancel 0.0021 0.0013 0.0018 0.0017 µ ≥ τ Rejected

F5 Implement deployment

diagram

s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Click on File 0.0101 0.0064 0.0086 0.0083 µ ≥ τ Rejected

s3 : Select Diagrams 0.1443 0.1227 0.1443 0.1371 µ ≥ τ Selected

s4 : Click New Diagrams 0.2114 0.1797 0.1332 0.1747 µ ≥ τ Selected

s5 : Select Deployment Diagrams 0.3320 0.2092 0.2822 0.2744 µ ≥ τ Selected

F6 Implement sequence

diagram

s1 : Click on ArgoUML application N/A N/A N/A N/A N/A N/A

s2 : Click on Create 0.2003 0.1262 0.1703 0.1656 µ ≥ τ Selected

s3 : Select New Sequence

Diagrams

0.3200 0.2720 0.2016 0.2645 µ ≥ τ Selected

137



tem called Q2P to assist the developer to make a decision about the quality

of the input query in retrieving the required data. However, the result indi-

cated ”Rejected” if the average results (µ) of the IR techniques was < τ ,

which was equivalent to 0.1 at ArgoUML-SPL case study. Otherwise, the

result indicated ”Selected” if the µ ≥ τ .

1

2 instrumentationMethod.addMouseListener

3 (new MouseAdapter () {{

4

5 public void mouseClicked

6 (MouseEvent e) {

7 if (e.getButton () ==

8 MouseEvent.BUTTON) {

9 getContentPane ().add

10 (instrumentationMethod);

11

12 } else (e.getButton () !=

13 MouseEvent.BUTTON) {

14 getContentPane ().exit

15 (instrumentationMethod);

16

17 }

18 });

Listing 4.3: Handle mouse button click event to invoke instrumentation

4.3 The Use of UML Diagrams to Enhance Dy-
namic Feature Location Techniques

UML is an efficient technique that can be implemented to model and visual-

ize an object-oriented system that suffers from lack or poor documentation.

UML diagrams enhance the developers’ understanding the software system
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to apply software maintenance, software evaluation, or enhance the process

of DFLTs. The construction of UML diagrams is based on dynamic or static

analysis. Dynamic analysis refers to collecting data when the system exe-

cutes to generate execution traces, while static analysis refers to collecting

the data from the source code. This experiment study implements UML di-

agrams in both directions, dynamic and static analysis, to enhance the soft-

ware programmers applying AETFS. A use case scenario diagram is used to

specify the inputs of the DFLTs based on static analysis. In contrast, class

diagrams and object diagrams are used to locate the required software ar-

tifacts of source code to construct the exercised feature based on dynamic

analysis. Each created use case scenario generates an execution trace. The

collected execution trace is analyzed to build class and object diagrams. The

implemented case study illustrates the process of the proposed approach and

shows that using UML diagrams increases the accuracy of applying AETFS

rather than using random scenario input.

4.3.1 Overview

The third configuration of the AETFS is to use UML to specify the input of

DFLTs. The dynamic analysis becomes the preferable method for FL, de-

spite the difficulties of creating the accurate input to exercise the feature of

interest (Buzaid & Hammad, 2021b). Despite the progress made in DFLTs

(Koschke & Quante, 2005; Bittner et al., 2022), selecting the precise inputs

to generate the required execution traces suffer from many difficulties such

as the dependencies between software features, lack of the documentation

of the software, and unavailability of the developers who are familiar with

the system. In DFLTs, understanding the input of DFLTs and the effective-

ness of the information in generating execution trace is the main point to be

considered in the DFLTs. Hence, it is a tedious and time-consuming task in

DFLTs to rely on the nondeterministic behavior of input by developers to
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exercise the software feature to perform FL.

There are several advantages of visualizing the DFLTs’ input. UML

diagrams are considered a proven and effective technique to ease the dif-

ficulties in understanding the behavior of the software system (Wimmer et

al., 2011). UML diagrams supply a visualization solution to provide a view

of the source code with the exhibited feature based on analyzing execution

traces. A high-level abstraction model can be extracted from the execution

trace to present the relation between the DFLTs’ input, demonstrated fea-

ture, and the relevant source code (Lau & Arshad, 2016). Moreover, UML

diagrams are considered the preferable solution for software refactoring in

the object-oriented system (Mumtaz, Alshayeb, Mahmood, & Niazi, 2019).

Both approach dynamic and static models in UML are essential to com-

prehend the behavior of the software. Object diagrams and class diagrams

are common diagrams in UML. They can be presented dynamically and

statically to illustrate complex interactions between the software’s behavior

(Briand, Labiche, & Leduc, 2006). Hence, dynamic analysis is preferable to

static analysis to allow the developers to remove the ambiguity of message

sending when inheritance, delegation, polymorphism, dynamic links, and

reflection are used intensively (Bennett et al., 2008). Therefore, the major-

ity of the analysis in the proposed approach is based on dynamic analysis.

This experiment extends our previous work (Buzaid & Hammad, 2021a)

to propose a new, more accurate, and precise approach for configuring AETFS

that relies on using UML diagrams. The presented approach solution en-

hances the DFLTs’ input to select the required information to exercise the

feature of interest by using a UML use case scenario diagram. Visualizing

the DFLTs’ input by UML diagram improves the generating of the execu-

tion trace, which can be used in a later phase to construct object and class

diagrams to locate the source code to the related exhibited feature. Indeed,

using UML diagrams i.e., a use case scenario diagram to translate the text
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scenario into modeling language generates a smaller size and more efficient

execution trace to perform DFLTs.

4.3.2 Design The experiment

The dynamic analysis depends on the software developers’ input informa-

tion to exercise the software’s functionalities. It is a tangled task to locate all

the possible inputs to run a particular feature of interest. The main objective

of the proposed approach is to increase the accuracy of DFLTs’ input by us-

ing UML diagram i.e., use case scenario diagram, to locate the required soft-

ware feature’s input and to minimize the generated execution trace. Hence,

each use case scenario diagram dedicates to examining a software feature.

Then, the object and class diagrams are constructed based on the collected

execution trace.

In this section, the main steps of the proposed methodology are illus-

trated in Fig. 4.7. It is divided into four main steps. The first step is text

scenario conversion. The second step is execution trace collection. The third

step is execution trace filtering. The final step is diagram extraction. In the

following subsections, each step is described in detail.
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Figure 4.7: A brief methodology overview entails four key steps: text scenario conversion,

execution trace collection, trace filtering, and diagram extraction.

4.3.2.1 Text Scenario Conversion

Usually, the scenarios to exercise the software’s features are expressed by

sentences written in natural language, which may be incomplete and incon-

sistent. In order to create an accurate DFLTs’ input, the proposed approach

convert a text scenario into a use case scenario diagram to determine the re-

quired scenario to exercise the feature of interest. The proposed conversion

mimics the published work in (Elallaoui, Nafil, & Touahni, 2018) to auto-

mate the transformation of the user’s stories to exercise the feature into a

UML use case diagram based on using NLP techniques (Copestake, 2004).

The conversion includes three main phases, parsing text stories, plugin cre-

ation, and use case diagram extraction.

4.3.2.2 Parsing Text Stories

This point defines the required process to generate use case diagrams from

users’ text stories. Preprocessing a text file that contains a set of stories is

considered to be the first step in implementing parsing text stories. There are
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several techniques can be used to process a text file (Vijayarani, Ilamathi,

Nithya, et al., 2015) such as using Context-Aware Stemming (CAS) algo-

rithm (Agbele, Adesina, Azeez, & Abidoye, 2012) and stop word removal

methods. Moreover, each term in the user’s text stories is divided into a

single Part Of Speech (POS). The classification of POS tags is classified

into nouns (singular or plural), personal nouns, and proper nouns or verbs.

Then, the next step is to parse the processed text file by using TreeTagger

parser (Schmid, 1994). It produces a parse tree for each user’s scenario that

maps to a certain software feature. The generated parse tree supports the

extraction process of actors (developers to exhibit software functionalities),

using a use case diagram and the association relation between them. Hence,

the other supportive technologies are need to accomplish parsing text stories

are the Visual Paradigm tool9 and Java Programming Language.10

4.3.2.3 Plugin Creation

Software usability is a core element that needs to be considered to deter-

mine the success of software solutions. Java Plug-in extends the software’s

functionality to allow the Java Beans to be run under Sun’s Java 2 runtime

environment (JRE). The proposed solution dedicates to creating a java plu-

gin to generate a use case automatically from text scenario stories. UML

class diagram is used to model java plugin to generate use case diagram.

4.3.2.4 Use Case Diagram Extraction

UML provides a visualization technique to convert text data into a diagram.

A set of text users’ stories are extracted from the output of the subsection

parsing text stories. Text mining algorithm (Kanya & Geetha, 2007) is used
9https://www.visual-paradigm.com/

10Java is a high-level, class-based, object-oriented programming language that is designed to have as few

implementation dependencies as possible.
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to accept the input as a set of user stories. The input is stored in a text file

to output a filtered text file that contains only nouns, compound nouns, and

verbs. Algorithm 1 illustrates the required process to construct a UML file

that includes the use case diagram.

Algorithm 1 Proposed Algorithm to construct UML use case diagram from the user text

stories
Require: (*.txt) text file contains nouns, compound noun and verbs

Ensure: (*.uml) UML files contains UML Use Case diagram

1: Boolean : isFirst, isExist

2: isFirst← True

3: isExist← True

4: if (((POS==SN) or ((POS==PN) or (POS==PN))) and isFirst ) then
5: for Actor x do
6: if (isExist) then
7: search x

8: currentActor← save

9: else
10: x← createActor

11: end if
12: end for
13: end if
14: if ((POS==V) or (POS==VVP) or (POS==VPP) or (POS==VPD)) then
15: verb← add(token)

16: end if
17: if (((POS==PN) or ((POS==PN) and (POS==PN))) and (!isFirst)) then
18: verb← add(token)

19: useCase u← ComponentInitializer.generateUseCase (verb)

20: Association assoc← ComponentInitializer .generateAssociation (currentActor, u)

21: end if

The presented Algorithm 1 is designed to abstractly generate UML use

case diagrams from user text narratives, which depict scenarios exercising

software functionalities within the context of DFLTs procedures. Operating
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on a text file containing nouns, compound nouns, and verbs, the algorithm

outputs a UML file featuring a UML Use Case diagram by employing POS

tagging for text analysis and information extraction.

Initialization of two Boolean variables, isFirst and isExist, both initially

set to True, serves to monitor the initial appearance of actors in the textual

narrative. Iterating through each word in the text, the algorithm evaluates

their POS tags through conditional assessments.

Detection of a Singular Noun (SN), Plural Noun (PN), or Proper Noun

(PN) as the POS, coupled with a first occurrence indication (isFirst is True),

triggers a loop to process each mentioned actor. Verification of actor ex-

istence in the use case diagram, governed by the isExist flag, leads to the

preservation of the actor as currentActor if present, or the creation of a new

actor based on the extracted name.

Identification of a Verb (V), Past Participle Verb (VVP), or Verb with

a Direct Object (VPD) as the POS prompts the inclusion of the verb in a

designated list or variable named verb, capturing the actions associated with

the actors in the narrative.

Further recognition of a Proper Noun (PN) following the first occurrence

(isFirst is False) signifies the incorporation of the current noun into a use

case context. The algorithm integrates the noun into the verb list, invokes

the ComponentInitializer.generateUseCase function for use case generation,

and establishes an association between the currentActor and the use case

using the ComponentInitializer.generateAssociation function.

Through POS tagging and systematic management of actors, verbs, and

use cases, the algorithm constructs UML Use Case diagrams that faithfully

represent user-generated narratives. Nevertheless, it is essential to high-

light that the provided algorithm excerpt lacks certain specifics, such as

variable and function definitions, crucial for a comprehensive grasp of the

algorithm’s overarching purpose and operational intricacies in an abstract
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context.

4.3.2.5 Execution Trace Collection

An execution trace is defined as a finite sequence of events that are invoked

in a software system at runtime. The events can be any level of the software

granularity, such as classes, methods, objects, or statements. The proposed

solution uses dynamic analysis to collect execution traces when the software

feature is exercised by the created use case diagram. The UML class dia-

grams and object diagrams are constructed based on the collected execution

traces. There are several existing techniques that can be used to generate and

collect the execution traces during software’s runtime (Cornelissen et al.,

2009). For instance, AspectJ language11 monitors the program at a certain

point in the program. The monitoring uses two techniques called joinpoints

and pointcuts (Kiczales et al., 2001). Joinpoints contain an abstraction of

the current call stack, while pointcuts indicate the current program state.

The developers use pointcuts and joinpoints to define advice pieces of code

to trace the program at specified criteria. The monitored program by As-

pectJ relies on the standard Aspect-Oriented Program (AOP)12 to model a

sequence of entries and exits to profile the execution trace. Listing 4.4 illus-

trates the standard of AspectJ source code to generate an execution trace.

AspectJ, as described in the above paragraph, plays a crucial role in

bridging AOP with OOP. In the context provided, AspectJ is utilized to mon-

itor programs at specific points, employing joinpoints and pointcuts as key

techniques.

1. Joinpoints: Joinpoints abstract the current call stack, essentially cap-

turing moments during the program’s execution. These points are piv-

otal in the AspectJ framework for identifying where advice should be
11https://www.eclipse.org/aspectj/
12https://docs.spring.io/spring-framework/docs/2.5.x/reference/aop.html
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applied.

2. Pointcuts: Pointcuts signify the current program state, helping de-

velopers define specific criteria for tracing the program. By utilizing

pointcuts and joinpoints, developers can encapsulate advice code that

captures program behavior under certain conditions.

3. Aspect-Oriented Programming (AOP): AspectJ leverages AOP prin-

ciples to create a structured sequence of program entries and exits for

profiling execution traces. This integration allows for the modeling

of intricate behavior without scattering the core logic across the code-

base.

By combining these elements, AspectJ enhances the capabilities of OOP

by providing a means to encapsulate crosscutting concerns and behavior,

such as monitoring, logging, and performance optimizations, without in-

truding on the primary object-oriented design. This seamless integration of

AOP with OOP principles enables developers to maintain a clean and mod-

ularized codebase while addressing concerns that would otherwise lead to

code tangling in traditional OOP paradigms.

1 aspect ProgramTrace {

2 before () : !within(ProgramTrace) {

3 System.out.println("Entering: " + thisJoinPoint);

4 }

5 after() : !within(ProgramTrace) {

6 System.out.println("Exiting: " + thisJoinPoint);

7 }

8 }

Listing 4.4: AspectJ code snippet for tracing program execution (Allan et al., 2005)

An entry event occurs before every joinpoint, and the exit point includes

after every entry point. Moreover, the pointcuts allow the developers to

assert the executed program a given set of joinpoints in the execution stack.
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4.3.2.6 Execution Trace Filtering

Dynamic analysis encounters challenges when dealing with extensive exe-

cution traces that include irrelevant data, often referred to as noise. These

traces must undergo filtering to isolate specific events of interest, a process

that can be facilitated using techniques like regular expressions (Chapman

& Stolee, 2016). In the context of utilizing AspectJ for trace generation,

the tracematches technique (Allan et al., 2005) is employed for filtering the

gathered execution trace. This selected filtering method empowers develop-

ers to define a regular pattern for tailoring the execution trace according to

the requirements of a new application class. The tracematch technique oper-

ates through two core functions: filtering and binding variables consistently

throughout the matching process, thereby pinpointing and tracking the pre-

cise behavior necessitating tracing. By employing regular expressions as

filtering patterns, tracematches are structured into three fundamental com-

ponents: defining relevant events, constructing the involved pattern, and pin-

pointing the code segment to execute. A match is triggered when a segment

of the ongoing analyzed execution traces aligns with the specified regular

expression pattern. Listing 4.5 illustrates a straightforward implementation

of the tracematch filtering technique.

1

2 tracematch (){

3 sym ie before: call(* ie(..));

4 sym te after: call(* te(..));

5

6 ie te

7 { System.out.println("iete!");}

8 }

Listing 4.5: A snapshot of tracematch technique to filter an execution trace

The tracematch method defines any tracematch regular expression. Next,

two symbols are defined ie and te. The fist symbol ie refers to matches en-
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ter events on joinpoints which match the pointcut call(∗ie(..)). The second

symbol te refers to match exit events on joinpoints that match the pointcut

call(∗te(..)). While the regular expression iete specifies that advice is in-

voked on the execution trace which end with a call to ie and te. Finally,

System.out.println(”iete!”) gives the advice body to be executed.

Algorithm 2 describes the required steps to construct an object diagram.

Algorithm 2
Require: (*.txt) an execution trace events

Ensure: (*.uml) UML object diagram Dn×n

1: Initialize Graph to D1×1 with a single state BEGIN;

2: Initialize k = 1;

3: currentState = BEGIN;

4: nextState = nextTransition = NULL;

5: repeat
6: Read the next line Li from the execution trace events;

7: nextState = getState(Li);

8: nextTransition = getTransition(Li);

9: if nextState /∈ D then
10: D(k+1)×(k+1) = Dk×k∪{nextState};
11: D [currentState, nextState] = 1;

12: Increment k;

13: end if
14: if nextTransition /∈ D then
15: D [currentState, nextState] = 1;

16: end if
17: currentState = nextState;

18: until end of execution trace events

Algorithm 2, it is a novel algorithm designed to construct UML object

diagrams from an execution trace. The algorithm serves as a crucial step in

DFLTs formulating input, enabling the generation of UML object diagrams

that capture the interactions and behavior of software systems during exe-
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cution. The algorithm takes an execution trace, obtained from a previously

generated UML use case diagram (Algorithm 1), and transforms it into a

UML object diagram, providing valuable insights into the system’s runtime

behavior.

The proposed Algorithm 2, titled ”Proposed Algorithm to construct UML

object diagram from a single execution trace,” aims to construct a UML ob-

ject diagram from an execution trace file (*.txt). The algorithm’s goal is

to capture the dynamic behavior of the software system by representing the

objects and their interactions during the execution trace. The resulting UML

object diagram provides a visual representation of the system’s runtime be-

havior.

The algorithm initializes a graph, denoted as D, with a single state la-

beled BEGIN. This state represents the initial state of the UML object di-

agram. Additionally, the algorithm initializes the variable k to 1, indicating

the current size of the object diagram. It sets currentState to BEGIN and

assigns NULL values to nextState and nextTransition.

The algorithm enters a repeat loop to process each line of the execution

trace events. It reads the next line, Li, from the execution trace events file

and retrieves the nextState and nextTransition using the getState Li and

getTransition Li functions, respectively.

If the nextState is not present in the current object diagram D, the algo-

rithm expands the object diagram by creating a new graph, D(k+1)∗(k+1),

and adds the nextState to it. This step allows for the representation of new

states encountered during the execution trace.

The algorithm records the transition from the currentState to the nextState

by marking it as 1 in the object diagram D. This step captures the dynamic

relationships and interactions between objects during the execution trace.

After expanding the object diagram or recording a transition, the algo-

rithm increments the variable k to reflect the updated size of the object dia-
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gram.

The algorithm updates currentState to nextState, preparing for the next

iteration. The loop continues until the end of the execution trace events is

reached.

The output of Algorithm 2 is a UML object diagram, denoted as D(n∗n),

where n represents the final size of the object diagram after processing the

entire execution trace. The object diagram provides a visual representation

of the system’s runtime behavior, capturing the objects, states, and transi-

tions encountered during the execution trace. This UML object diagram

serves as a valuable artifact in software testing and debugging, enabling

analysts to gain insights into the system’s dynamic behavior and identify

potential issues or anomalies.

Algorithm 2 is an integral part of the overall methodology proposed in

this thesis. It complements Algorithm 1, which constructs the initial UML

use case diagram from user text stories. The output of Algorithm 1, the

UML use case diagram, is utilized to exercise software features, resulting

in an execution trace. Algorithm 2 then takes this execution trace as input

and constructs the UML object diagram, providing a comprehensive rep-

resentation of the system’s runtime behavior. The seamless integration of

Algorithms 1 and 2 enables a holistic approach to DFLTs process, facili-

tating the identification of DFLTs’ input and behavioral aspects of AETFS

configuration.

In summary, Algorithm 2 plays a vital role in the proposed methodology

by generating UML object diagrams from execution traces. These diagrams

capture the dynamic behavior of the software system, providing valuable in-

sights for formulating the DFLTs’ input. The algorithm’s steps encompass

initialization, execution trace processing, object diagram expansion, transi-

tion recording, size updating, and loop continuation. The resulting UML

object diagram serves as a significant artifact to understand the system’s
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runtime behavior and complement the UML use case diagrams generated

by Algorithm 1.
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Chapter 5

Assessment and Evaluation of the
AETFS Methodology

The preceding chapters introduced the evaluation design of the experi-

ment, the research gap, the innovative AETFS methodology, and its three

empirical configurations used for evaluation. This chapter begins by the

evaluation design and metric that uses for the assessment of AETFS ex-

periments. In addition detailing the outcomes of a preliminary pilot study.

Insights gained from this study informed the subsequent expanded exper-

iment, the findings of which are also discussed herein. Specifically, this

chapter delineates the research inquiries addressed by the larger study, presents

its findings, examines these findings, considers potential validity threats, and

reviews the data on effort expended.
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5.1 The Initial Investigation

This segment outlines the outcomes of the pilot study, which serves as an

initial appraisal of the AETFS framework. The study encompasses a limited

set of subject systems and addresses research questions specific to the pilot

study. It offers a preliminary, albeit imprecise, contrast between the results

obtained with the DFLTS baseline when incorporating AETFS and when it

is not incorporated.

5.1.1 The Research Questions of the Initial Investigation

The primary aim of the pilot study was to evaluate the impact of AETFS on

enhancing the precision of DFLTs usage. AETFS aims to solve the issue of

choosing or crafting the correct scenario inputs to demonstrate the software

feature for DFLTs execution. Traditional DFLTs typically utilize a random

scenario to activate the software feature (Cornelissen et al., 2009; Rubin &

Chechik, 2013; Razzaq et al., 2020), followed by a process that annotates

the source code entities in the execution trace with the corresponding fea-

ture. Therefore, it was crucial to determine AETFS’s efficacy compared to

these conventional methods and to ascertain its feasibility before embark-

ing on a more extensive study. The initial research questions focuses on

AETFS’s effectiveness and can be as follow:

RQ1: How do the effectiveness metrics, such as the number of accu-

rately exercised software features and the size of collected execution traces,

assess the formulated scenarios or test cases’ ability to exercise specific soft-

ware features in AETFS?

There’s a notable discrepancy among TDFLTs providers regarding the

preferred granularity of source code for their solutions, with a tendency to

focus on more detailed results, typically at the method level (Biggers et al.,

2014; Moslehi, Adams, & Rilling, 2020). However, the rationale behind
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choosing a particular level of granularity is seldom explained by the authors

of TDFLTs, and there’s a lack of concrete evidence to support the preference

for finer granularity. Adding to this complexity is the issue of scenario test

inputs, which can significantly influence the granularity needed. Program-

mers may need to locate features at the file level or the method level, de-

pending on the scenario test input. This raises a critical question: Is it more

efficient to present files or methods to programmers? The answer hinges

on the amount of effort required to locate features across the two common

targets—methods and files—considering the scenario test inputs involved.

RQ2: How does the accuracy of formulated scenarios or test cases, as

measured by the number of relevant methods/classes invoked and the pres-

ence of irrelevant retrieved data in collected execution traces, impact the

performance of AETFS?

The AETFS configuration is part of DFLTs and remains unexplored in

FL studies. However, insights can be gleaned from (Ziftci & Krüger, 2012)

and (Arwan, Rochimah, & Fatichah, 2023) research. (Ziftci & Krüger,

2012) approach applies association rule learning to labeled test-cases for

feature-to-code mapping, bypassing manual scenarios and rivaling proba-

bilistic methods. Conversely, (Arwan et al., 2023) work enhances feature

location by generating query expansions that discern use case scenario con-

nections, employing LDA to categorize source code topics. While these

methodologies are distinct, they both aim to refine feature location pro-

cesses—the former through data mining of test-cases, and the latter via

innovative use case scenario linkages for more precise source code iden-

tification. Their differences pose an intriguing inquiry into how execution

trace content influences AETFS efficacy. This leads us to pose the third

question:

RQ3: How can the effectiveness of utilizing execution traces in the fea-

ture location process be measured, considering metrics such as the size of
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collected execution traces in comparison to the dataset and the proportion

of the located foothold to the near-full-set feature in the execution trace?

The introduction of the AETFS framework in response to the challenges

faced by DFLTs signifies a significant leap towards enhancing the effective-

ness of feature identification within software systems. AETFS’s innovative

approach leverages runtime software output and advanced textual analysis

methodologies to extract relevant data from execution traces, enabling the

creation of precise scenarios for DFLTs. Through the exploration of tex-

tual analysis techniques like topic modeling and LSI, AETFS not only re-

fines the granularity of execution traces but also identifies crucial terms to

streamline the trace analysis process. The evaluation, conducted across a

diverse set of eight subject systems encompassing 600 features, surpasses

the depth of previous studies, showcasing the framework’s robustness. The

study’s findings underscore AETFS’s remarkable performance, evident in

the emergence of distinct groups achieving superior FL results compared to

conventional methods.

5.1.2 Preliminary Findings and Examination

Through a comprehensive analysis of my PhD experiment case studies, en-

compassing investigations such as ”Evaluation of the Mapping Features to

Source Code Based on Execution Trace,” ”Scenario Sifter to Filter Irrelevant

Inputs,” and ”The Use of UML Diagrams to Enhance DFLTs,” a significant

finding emerged in response to the research question. The study indicated

that method-level granularity is more effective for AETFS compared to file-

level granularity, crucial for identifying entities essential for scenario ac-

curacy in subsequent stages. This discovery aligns with previous research

on granularity’s impact on input scenarios within DFLTs, emphasizing the

optimal use of method-level granularity for both DFLTs and AETFS. More-

over, an intriguing outcome of the study highlighted that incorporating any
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form of instrumentation technique, particularly the bytecode instrumenta-

tion technique (JVM Java Agent), detrimentally impacts AETFS efficiency

at the method level granularity, suggesting a potential reduction in the size

of collected execution traces with the use of appropriate instrumentation

techniques.

This section presents the findings of the empirical study, analyzing them

to address the initial research questions outlined in Section 5.1.1. Table 5.1

illustrates the metrics of three distinct configurations of AETFS for each

subject system. Delving into the metrics of Precision (P), Recall (R), and

F-Measure, our objective is to replicate the fundamental processes underly-

ing these measurements. To further clarify this concept, our methodology

for replicating these metrics is as follows: True Positive (T P) refers to the

number of methods that are retrieved when a software feature is exercised

by a scenarios. Those retrieved methods are part of the dataset for the exer-

cised software feature. Conversely, False Positive (FP) refers to the number

of methods that are retrieved when the software feature is exercised by the

scenario, but those methods are not part of the software feature’s dataset.

While, False Negative (FN) indicates to the number of methods that are

retrieved when the software feature is exercised by the scenario, but those

methods are not part of the all software system’s dataset.
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Table 5.1: Evaluation Metrics for the Configuration of AETFS in Applying DFLTS

Metric Description Calculation Formula
Precision (P) The proportion of correctly identified methods

out of all the identified methods in the dataset.

It measures the accuracy of the feature location

process by quantifying the ratio of true positives

to the sum of true positives and false positives.

A higher precision value indicates a lower num-

ber of false positives.

T P
T P+FP

Recall (R) The proportion of correctly identified methods

out of all the actual methods present in the sys-

tem. It measures the completeness of the fea-

ture location process by quantifying the ratio of

true positives to the sum of true positives and

false negatives. A higher recall value indicates

a lower number of false negatives.

T P
T P+FN

F-Measure The harmonic mean of precision and recall, pro-

viding a balanced assessment of the feature lo-

cation process. It combines precision and recall

into a single metric, allowing for a comprehen-

sive evaluation of the effectiveness of feature

location techniques. A higher F-measure value

indicates a better balance between precision and

recall.

2·Precision·Recall
Precision+Recall

The dataset outlined in Table 5.2 presents a comprehensive overview

of subject systems utilized for the pilot study evaluation (Dit, Holtzhauer,

Poshyvanyk, & Kagdi, 2013). Among these systems, ArgoUML0.22, Ar-

goUML0.24, and ArgoUML0.26.2 from the ArgoUML project exhibit vary-

ing characteristics in terms of source code URL, period of evaluation, types

of issues (including defects, enhancements, features, patches, and tasks),

and the number of gold set methods. For instance, ArgoUML0.22 covers
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a period from 0.20 to 0.22, encompassing 74 defects, 10 enhancements, 2

features, and 5 patches, with a total of 701 gold set methods. This detailed

dataset offers a valuable resource for analyzing and understanding the soft-

ware features and associated maintenance tasks within each subject system,

providing a foundation for conducting rigorous evaluations and investiga-

tions in the field of software maintenance and evolution.

Table 5.2: Details of the subject systems that are used for the pilot study evaluation (Dit,

Holtzhauer, et al., 2013)

Dataset Source Code URL Period Issues Gold Set Methods
ArgoUML0.22 [ArgoUML] 0.20-0.22 74 Defects, 10 En-

hancements, 2 Fea-

tures, 5 Patches (91

Total)

701

ArgoUML0.24 [ArgoUML] 0.22-0.24 32 Defects, 4 Enhance-

ments, 15 Patches, 1

Task (52 Total)

357

ArgoUML0.26.2 [ArgoUML] 0.24-0.26.2 181 Defects, 19

Enhancements, 2 Fea-

tures, 4 Patches, 3 Task

(209 Total)

1,560

JabRef2.6 [JabRef] 2.0-2.6 36 Defects, 3 Features

(39 Total)

280

jEdit4.3 [jEdit] 4.2-4.3 86 Bugs, 34 Features,

30 Patches (150 Total)

748

muCommander0.8.5 [muCommander] 0.8.0-0.8.5 81 Defects, 11 En-

hancements (92 Total)

717

The table 5.2 provides the following details for each subject system:

• Dataset: The name of the dataset.

• Source Code: The source code URL corresponding to the subject sys-

tem.

• Period: The time period during which the data was collected.
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• Issues: The number of issues (defects, enhancements, features, patches,

etc.) associated with the subject system. The URL to the issue track-

ing system is provided for further reference.

• Number of Gold Set Methods: The count of gold set methods avail-

able for the subject system.

Table 5.2 details data of existing baseline FL based DFLTs from the

literature against AETFS. For each configuration the effort, as based on the

adjustment scenarios discussed in Sections 4.1 and 4.3, is calculated and

compiled in Table 5.3.

Table 5.3: Comparison of P, R, and F-Measure with and without AETFS

Dataset
Without AETFS With AETFS

P R F-Measure P R F-Measure
ArgoUML0.22 0.85 0.92 0.88 0.95 1 0.97

ArgoUML0.24 0.79 0.86 0.82 0.88 0.96 0.91

ArgoUML0.26.2 0.88 0.91 0.89 0.98 1 0.98

JabRef2.6 0.68 0.72 0.70 0.76 0.80 0.78

jEdit4.3 0.79 0.83 0.81 0.88 0.92 0.90

muCommander0.8.5 0.89 0.92 0.90 0.99 1 0.99

Table 5.3 presents the average results of P, R, and F-Measure for six

software systems. Each of these software systems can exhibit various issues

through scenarios. For example, in Table 5.2, the dataset ArgoUML0.22 is

shown to encompass a total of 91 issues, with 701 methods designated as

Gold Set Methods for these issues. Among these issues, the ”Class Diagram

Generation” stands out as one of the two features in the dataset, requiring

349 methods for its construction. When a scenario exercises the Class Dia-

gram Generation feature without utilizing AETFS, the outcomes are as fol-

lows: 349 methods are retrieved and are part of the gold dataset T P, whereas

61 methods are retrieved during scenario execution but are not part of the
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feature’s dataset , FP. Additionally, 29 methods are retrieved during fea-

ture exercise by the scenario but are not included in any software system’s

dataset , FN out of the total 701 methods in the dataset.

Consequently, the rest of the issues (Features) for all the dataset are

applied the proposed P, R, and F-measure in Table 5.1 to get the T P, FP,

and FN for each issue by using AETFS, and without using AETFS. The

results in Table 5.3 represents the average of P, R and F-Measure for the

all issue feature in dataset. For instance, the average results of P, R, and

F-Measure for 91 issue (features) in ArgoUML0.22 dataset are 0.85, 0.92

and 0.88, respectively without using AETFS. While the results are changed

to be 0.95, 1, and 0.97, respectively when using AETFS.

Moreover, choosing a correct dynamic techniques to instrument data in

the right granularity level in the source code, as well as choosing the correct

static technique to extract the relevant source code that is related to the fea-

ture, results in 12% is more effective feature location technique than without

using AETFS.

5.2 Assessment and Evaluation of the Mapping
features to source code based on execution
trace

In order to perform an evaluation of the proposed experiment, a case study

has been created to experiment the proposed methodology. We use an open

source ArgoUML (ArogUML, 2020) as a targeted system to be analysed in

this case study. It is considered as a large size of real software application

with 120 KLOC, that fully implemented by Java programming language. It

consists of 14644 methods to implement 23 features. Some of the features

are activated only when another feature is activated. For example, a use
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case diagram is activated only when Diagram feature is activated as shown

in Figure 5.1. The arrows in this figure indicate the desired features that

are exhibited by the predefined scenarios. In this case study, we use two

features of ArgoUML, sequence diagram, and activity diagram. A set of

predefined scenarios are used to exhibit these selected two features as de-

scribed in Table 5.4. This table presents a benchmark data (Martinez et al.,

2018) for the ArgoUML to show the number of methods (M) that is re-

quired to be changed when a feature gets modified. In addition, it shows

the number line of code (LOC) are used to construct each feature, and the

steps of events (Scenario) that are required to exhibit a feature. The result

of running these scenarios is to get an execution trace that is filtered based

on using reformulating query technology to extract relevant methods to the

feature. The extracted methods are filtered again based on the distance be-

tween the ranked methods, to output a list of methods that are mapped to the

feature with a high level of accuracy. We compare the obtained result with

the other works for a validity purpose in our case study.

Figure 5.1: Scenarios to exhibit two features in ArgoUML.

The first required step is to instrument the target system ArogUML to

monitor the application during a runtime. We use srcML tool to insert a

hook to monitor the source code of ArgoUML to profile all set of methods

including the methods content that are invoked when the scenario is exe-
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Table 5.4: Feature, Scenarios, LOC, and Number of Methods (M)

Feature Scenario LOC M

Sequence Diagram The developer lanuch , 5379 379

the ArogUML application

select Diagram, and

choose the sequence diagram

Activity Diagram The developer lanuch , 2282 288

the ArogUML application

select Diagram, and

choose the activity diagram

cuted. Figure 4.2, shows the main process that are required to instrument

the ArogUML source code to log all methods including the content form the

methods initialization to return method declaration, that are invoked when

executed a scenario. First, the srcML converts the ArogUML java source

code input to XML format. In this case study, we opted to convert the entire

ArgoUML from an online resource to xml format by using the following

command:

src2srcml –register-ext h=Java https://github.com/marcusvnace/argouml-

spl.git -o argo.xml. The result of using srcML conversion is to get an xml file

size 41MB while the original directory source code size is 69MB. Then, we

formulated a basic XSLT file called profiler.xsl, to insert a predefined func-

tion MonitFunc by using Xpath, into ArogUML in the converted argo.xml

files. The following command is used to merge xslt file with xml file to

generate instrumented file: srcml2src argo.xml — srcml2src -xslt profiler.xls

— srcml2src-to-dir instrumentedXMLfile. Figure 5.3, shows the steps of

merging XML file with XSLT profiler to output instrumented ArogUML

source code in XML format, i.e, instrumentedArogUML.xml. Then, srcML
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tool converts back the instrumented ArgoUML in XML format to the orig-

inal java source code format with instrumentation code in java format as

shown in Figure 5.2 by using the following command: src2srcml instru-

mentedArogUML.xml -o argoV1.java. The MonitFunc is inserted in every

methods in arogV1.java source code at two points, after method initializa-

tion and before method return.

Figure 5.2: Java source code after instrumentation.

The result of this instrumentation is to generate an execution trace that

contains in all methods with the content such as methods’ statement that are

invoked during exhibiting a sequence diagram feature. For instance, when

we run a scenario to exercise a sequence diagram feature as shown in Table

5.4, we have all invoked methods profiled in file called loggedV1, including

relevant methods to the feature such as org.argouml.uml.ui.SequenceDiagram(),

164



and utilize methods such as static void main (). Moreover, all the informa-

tion between the method declaration and before method return are profiled

with the relevant method.

Figure 5.3: Process to instrument XML files.

The collected trace data from the instrumented ArgoUML for a sequence

diagram feature is a huge file as shown. It contains 1000 methods includ-

ing the methods content between the method’s initialization and method’s

return. Filtering the execution trace is required to extract only relevant meth-

ods to the features. We have to create words corpus to index the rank source

code methods by using Latent Semantic Indexing (LSI) (Rafiei & Mendel-

zon, 1997). For each method in the loggedV1, there are a documented cre-

ated for this method. This document indexes all terms that method is in-

cluded. For instance, for this case study example, a document for a method

called SequenceDiagram() is created, and it indexes to the all terms that

methods are included. Apache Lucene (Foundation, 2011) was used to cre-

ate a text search engine based on (LSI) to find string matching between the

entered query and the created corpus. It uses a Directory as a collection of

documents that contains all terms. We use IndexWriter as a writer to add

a document into the corpus. IndexSearcher is used to execute a query to

search on the document and indexs the result on TopDocs.

Finding the required methods from the created corpus needs to enter

a query that describe a feature in a high level. It is used a Refoqus tech-

nique (Haiduc et al., 2013) to reformulate a query to have a better retrieving
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data from the corpus. This technique automatically provides a suggestion to

either expand or reduce the entered query to have a better retrieval informa-

tion. For example, if we presume the full query that has to be formulated

to retrieve a sequence diagram method is a query with two words, sequence

diagram. When the developer writes a query sequence, the quality of the

retrieving methods are effected. Therefore, we propose to use Refoqus tool

to provide auto suggestion to add or eliminate terms. For example, adding

diagram for a better retrieval performance. Table 5.5 shows the result of

locating methods for by the proposed approach. The total number of meth-

ods (No-M) that are profiled when executed a sequence diagram scenario is

1000, included relevant and irrelevant methods to the feature. The bench-

mark methods (M-gold-set) that are required to be changed when modifying

sequence diagram is 379. When we use Refoqus tool to reformulate query

to extract the relevant methods, we get 450 method, and that indicated in

Table5.5 by (M-Ref).

Lastly, 300 methods are retrieved when the list of M-Ref methods are

filtered by measure distance metric (M-Distance). It is clear that using re-

formulating query technique to filter the execution trace decrease the size

of the retrieved methods from the total number of methods of 1000 in a

sequence diagram feature, to 450 methods.

Table 5.5: Feature with Number of methods by using reformulating query technique

Feature No-M M-gold-set M-Ref M-Distance

Sequence Diagram 1000 379 450 300

Activity Diagram 700 288 300 250

In addition, Table 5.5 shows an improving result to use for developer

to measure the distance metrics to filter the the number of methods that are

retrieved by using Refoqus strategy. We use measuring metrics to find the
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distance between the ranked method on M-Ref. One metric is to group all

the methods together based on the methods implementation point of view,

such as finding the similarity between methods implementation based on the

methods lexicon. For instance, the distance between two same methods is

less than the distance between two different methods that were invoked by

sequence diagram scenario based on the context similarity of the methods.

Another metric is a dynamic metric which refers to provide a distance

between two methods based on the execution point of view, such as using the

number of time the method is invoked and the execution time for methods

to be executed (Hammad & Al-Hawawreh, 2018).Hence, the list of ranked

methods for sequence diagram feature that were obtained by using query

reformulation are re-ordered based on the methods distance to each other.

Each method on the ranked list is revisited to find the similarity based on

the text context and based on dynamic view such as a number of time that

method is invoked. The result of using distance metrics between methods

is to find if the previous method on the list has close similarity, the list is

re-ordered to re-position the list of methods. otherwise, the list is remained

with no change.

As a conclusion, the result of case study confirms that, locating methods

to the desired feature based on analysing one single execution trace by using

reformulating query and measuring distance provides a better result than

using only one feature location solution.

5.2.1 Results and Discussion of using MappFL to config-

ure AETFS

The MappFL technique plays a pivotal role as part of the AETFS config-

uration, specifically in performing DFLTs. By incorporating the MappFL

approach into the AETFS workflow, the framework enhances the efficiency
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and accuracy of feature location during testing processes. The results of

the DFLTs evaluations are presented in Table 5.6, which depicts the Preci-

sion (P), Recall (R), and F-Measure metrics for each dataset. The column

labeled ’DFLTs (with MappFL)’ represents the outcomes obtained when

leveraging the MappFL technique within the AETFS configuration. The

table showcases the significant impact of MappFL on improving the per-

formance of feature location compared to the ’DFLTs (without MappFL)’

column. These findings underscore the effectiveness of integrating MappFL

within the AETFS workflow to enhance feature location accuracy and aid

software developers in identifying and testing features more effectively.

Table 5.6: DFLTs Evaluation Results of Using MappFL to Configure AETFS

Dataset DFLTs (without MappFL) DFLTs (with MappFL)
P R F-Measure P R F-Measure

ArgoUML0.22 0.72 0.85 0.78 0.80 0.95 0.87

ArgoUML0.24 0.68 0.91 0.78 0.76 1 0.86

ArgoUML0.26.2 0.79 0.82 0.80 0.89 0.92 0.90

JabRef2.6 0.75 0.84 0.79 0.84 0.94 0.89

jEdit4.3 0.76 0.88 0.81 0.85 0.99 0.91

muCommander0.8.5 0.79 0.91 0.85 0.88 1 0.94

Average Performance Increase 12%

The presented table (Table 5.6) provides a comprehensive analysis of

the performance evaluation results for DFLTs with and without the integra-

tion of the MappFL approach in AETFS. The metric P,R, and F-Measure

are employed to assess the effectiveness of the techniques across multiple

datasets. By comparing the ’DFLTs (without MappFL)’ and ’DFLTs (with

MappFL)’ columns, it is evident that the incorporation of the MappFL tech-

nique yields significant improvements in DFLTs accuracy and effectiveness.

Across the evaluated datasets, the use of MappFL consistently demonstrates

higher P, R, and F-Measure values, indicating a more precise and compre-
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hensive identification of features. Notably, the average performance in-

crease achieved by integrating MappFL is approximately 12%.

The metrics P, R, and F-Measure are computed to showcase the average

results for the features within the datasets. For example, in Table 5.2, the

dataset ArgoUML 0.26.2 exhibits various issues related to software features.

One such feature is the Activity Diagram, which can be executed through a

potential scenario outlined in Table 5.4. To construct the Activity Diagram

feature, 288 methods (gold-set) are required. However, when the Activity

Diagram is exercised by the scenario, a total of 700 methods are retrieved, as

shown in Table 5.5. According to the evaluation metrics presented in Table

5.1, the results for P, R, and F-Measure are 0.41, 0.91, and 0.51, respectively,

without utilizing AETFS. Conversely, when AETFS (M-Ref) is employed,

these values change to 0.96, 1, and 0.97, respectively. The percentage in-

crease for P, R, and F-Measure is 134%, 10%, and 90%, respectively, with

an average of 78% across the three metrics. Consequently, Table 5.6 illus-

trates the dataset average by calculating the average of each dataset’s issues

(features) for all datasets.

These results validate the efficacy of the MappFL technique in enhanc-

ing the DFLTs input process, thereby empowering software developers to

locate and understand features more efficiently. The findings underscore

the potential of MappFL as a valuable configuration in AETFS, enabling

effective DFLTs and aiding in the DFLTs’ inputs.

In other words, The line graph 5.4 represents the evaluation results of

using MappFL as a part of the AETFS configuration technique. The graph

shows the F-Measure values for different datasets (D1, D2, D3, D4, D5, and

D6), comparing the performance of DFLTs with and without MappFL.

Upon analyzing the graph, it is evident that incorporating MappFL into

the AETFS configuration technique has generally improved the F-Measure

values across the datasets. The line representing DFLTs with MappFL con-
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sistently exhibits higher F-Measure values compared to the line representing

DFLTs without MappFL.

Specifically, for datasets D1 (ArgoUML 0.22), D3 (ArgoUML 0.26.2),

D4 (JabRef 2.6), D5 (jEdit 4.3), and D6 (muCommander 0.8.5), the F-

Measure values with MappFL are significantly higher than those without

MappFL. This suggests that the utilization of MappFL enables software de-

velopers to address various software issues more effectively, including fault

localization, feature location, and others as illustrated in Table 5.2 at Issues

Column.

However, for dataset D2 (ArgoUML0.24), the F-Measure values with

MappFL are slightly lower compared to those without MappFL. This devi-

ation might suggest that the impact of incorporating MappFL in the AETFS

configuration technique varies depending on the specific dataset character-

istics. Further investigation is needed to understand the underlying reasons

for this discrepancy.

Overall, the line graph demonstrates the effectiveness of MappFL as a

component of the AETFS configuration technique, showing improved F-

Measure values across multiple datasets. These findings highlight the value

of MappFL in enhancing the DFLTs capabilities of the AETFS approach,

providing valuable insights for DFLTs’ inputs formulation.

5.2.2 Threat to Validity

The proposed solution has limitations in implementing the methodology in

the case study. The size of the case study is considerably small and the

size of the created corpus is relatively limited. Profiling only one feature

does not create enough domain that allows the developers to write a query

to describe the feature in order to retrieve the source code. Moreover, in the

case study, only one programming language was implemented which is Java.

Another programming language should be used to validate the accuracy of
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Figure 5.4: Presenting DFLTs Evaluation Results of Using MappFL to Configure AETFS

by Using Line Graph

the proposed approach.

However, comparing the obtained results in the case study with the

ArogUML benchmark (Martinez et al., 2018) validated the case study im-

plementation. The validation provides a quick view of the accuracy level of

the proposed methodology.

5.3 Assessment and Evaluation of Scenario Sifter
to Filter Irrelevant Inputs

The use of benchmarks in evaluating the performance of DFLTs is an im-

portant direction to advance the state of the art (Strüber et al., 2019) solution

in software maintenance. The evaluation was implementing under several

strategies. One of them was comparing the result of performing DFLTs with

the use of Scenario Sifter, and without using Scenarios Sifter against three
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open source projects in Java1. Two DFLTs were selected for the evalua-

tion (Khoury et al., 2016; Buzaid & Hammad, 2021a). Both of the selected

techniques are DFLTs, using scenarios to exhibit the feature of interest to

perform the mapping between the exercised feature and the relevant source

code based on analysing the generated execution trace. The output of the

selected DFLTs should include a list of classes, methods, or any software

source code granularity level that are related to the feature which can be

used to impalement the evaluation against the dataset benchmark2. The pro-

posed approach increases the accuracy of performing DFLTs up to 45%.

Figure 5.5 illustrates the methodology process to compute the evaluation

metrics for every software subjects. First step was to apply DFLTs (Khoury

et al., 2016; Buzaid & Hammad, 2021a) on the all three subject systems to

locate the required source code for each targeted feature. The output result

stored on a designated repository. Then, the result was computed with the

proposed metrics to find the P, R, and F measure with the ground truth. The

same process was repeated again, enhancing DFLTs (Khoury et al., 2016;

Buzaid & Hammad, 2021a) with Scenario Sifter.

To evaluate the result of using Scenario Sifter in increasing the accuracy

of performing DFLTs, a comparison of using the proposed technique in en-

hancing the performance of DFLTs is implemented. Evaluation scores are

used for the evaluation, such as P, R, and F-Measure (Beranič, Podgorelec,

& Heričko, 2018).

Table 5.7 shows the P, R, and F-Measure result of using Scenario Sifter

to perform FL by using a DFLT that based on Gestalt theory and the Helmholtz

principle (Khoury et al., 2016) in three Java open-source projects (i.e., ArgoUML-

SPL, Notepad, and Sudoku). The developer was unfamiliar with the targeted

three systems. The developer was asked to perform FL by using the opted
1Java is a high-level, class-based, object-oriented programming language that is designed to have as few

implementation dependencies as possible
2https://github.com/fbuzaid/Scenario-Sifter/dataset
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Figure 5.5: Evaluation process to measure the P, R, and F for each implemented DFLTs

DFLT (Khoury et al., 2016) with using Scenario Sifter, and the obtained

result compared against the benchmark ground-truth for the three systems3.

The scenarios were implemented by the developer to exercise six features

in ArgoUML-SPL, Notepad, and Sudoku. Moreover, text query was formu-

lated by the developer for each exhibited feature. It was used to describe the

feature of interest in NL.

3https:github.com/scenario-sifter/ground-truth

173



Table 5.7: An evaluation of using Scenario Sifter to enhance the performance

of DFLTs against three Java open-source benchmark

ArgoUML-SPL with using Scenario Sifter in DFLT (Khoury et al., 2016)

Feature ID Feature Name Precision (P) Recall (R) F-Measure (F)

F1 State Diagrams 0.560 1.000 0.717

F2 Activity Diagrams 0.480 1.000 0.648

F3 Use Case Diagrams 0.849 1.000 0.918

F4 Collaboration Diagrams 0.519 1.000 0.683

F5 Deployment Diagrams 0.751 1.000 0.857

F6 Sequence Diagrams 0.663 1.000 0.797

Notepad with using Scenario Sifter in DFLT (Khoury et al., 2016)

F1 Fonts 0.441 1.000 0.612

F2 Open 0.403 1.000 0.574

F3 Print 0.391 1.000 0.562

F4 Save 0.340 1.000 0.507

F5 Copy 0.327 1.000 0.492

F6 Cut 0.339 1.000 0.506

Sudoku with using Scenario Sifter in DFLT (Khoury et al., 2016)

F1 States 0.344 1.000 0.511

F2 Solver 0.401 1.000 0.572

F31 Generator 0.355 1.000 0.523

F4 Undo 0.347 1.000 0.515

F5 Hint 0.333 1.000 0.499

F6 Extended 0.341 1.000 0.508

5.3.1 Results and Discussion of using Scenario Sifter to

configure AETFS

The provided table, Table 5.8, presents an evaluation of the DFLTs (Khoury

et al., 2016) in three Java open-source projects: ArgoUML-SPL, Notepad,

and Sudoku. Specifically, the table showcases the Precision (P), Recall (R),

and F-Measure (F) results obtained without enhancing the scenarios us-

ing Scenario Sifter. The developer, who was unfamiliar with these three

systems, was tasked with performing fault localization using the DFLTs

(Khoury et al., 2016). The obtained results were then compared against

the benchmark ground truth for each of the three systems. The table in-
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cludes the evaluation metrics for six features exercised in ArgoUML-SPL,

Notepad, and Sudoku, respectively. The P, R, and F-measure values pro-

vide insights into the effectiveness of the DFLT technique without the aid of

Scenario Sifter.

Table 5.8 shows the P, R, and F result of using DFLT (Khoury et al.,

2016) in three Java open-source projects (i.e., ArgoUML-SPL, Notepad,

and Sudoku) without enhancing the scenario by using Scenario Sifter. The

developer was unfamiliar with the targeted three systems. The developer

was asked to perform FL by using DFLT (Khoury et al., 2016), and the

obtained result compared against the benchmark ground truth for the three

systems. The scenarios were implemented by the developer to exercise six

features in ArgoUML-SPL, Notepad, and Sudoku.

Similar comparisons for the Table 5.7 and Table 5.8 were implemented

in Table 5.9 and Table 5.10 to evaluate the result by using state of art DFLT

called MappFL (Buzaid & Hammad, 2021a).

The comparison for the evaluations in Tables 5.7 and 5.8 were imple-

mented based on comparing the results of locating the relevant methods to

the exhibited features. DFLT (Khoury et al., 2016) was implemented in

six features for every software system. The comparison was implemented

based on using Scenario Sifter and without using Scenario Sifter. Fig-

ure 5.6 illustrates the comparison results for using DFLT (Khoury et al.,

2016) with and without using Scenario Sifter respectively. Six features

(i.e.,F1,F2,F3,F4,F5,andF6) were evaluated F −Measure metric to record

the effectiveness of using Scenario Sifter to increase the accuracy of using

DFLT in (Khoury et al., 2016). The accuracy of performing DFL in (Khoury

et al., 2016) increased up to 35% when Scenario Sifter was embedded on the
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Table 5.8: An evaluation of using DFLTs against three Java open-source

benchmark without using Scenario Sifter

ArgoUML-SPL without using Scenario Sifter in DFLT (Khoury et al., 2016)

Feature ID Feature Name Precision (P) Recall (R) F-Measure (F)

F1 State Diagrams 0.420 1.000 0.591

F2 Activity Diagrams 0.360 1.000 0.529

F3 Use Case Diagrams 0.636 1.000 0.777

F4 Collaboration Diagrams 0.389 1.000 0.560

F5 Deployment Diagrams 0.563 1.000 0.720

F6 Sequence Diagrams 0.497 1.000 0.663

Notepad without using Scenario Sifter in DFLTs (Khoury et al., 2016)

F1 Fonts 0.270 1.000 0.425

F2 Open 0.302 1.000 0.463

F3 Print 0.293 1.000 0.453

F4 Save 0.255 1.000 0.406

F5 Copy 0.245 1.000 0.393

F6 Cut 0.254 1.000 0.405

Sudoku without using Scenario Sifter in DFLT (Khoury et al., 2016)

F1 States 0.258 1.000 0.410

F2 Solver 0.300 1.000 0.461

F31 Generator 0.266 1.000 0.420

F4 Undo 0.260 1.000 0.412

F5 Hint 0.249 1.000 0.398

F6 Extended 0.255 1.000 0.406

opted DFLT (Khoury et al., 2016) as shown in Figure 5.6. The average of F-

Measure was 0.8 for ArgoUML-SPL, and 0.5 for both Notepad, and Sudoku

systems.

Similarly, Figure 5.7 shows the comparison result with using state-of-art

solution for DFLT called MappFL (Buzaid & Hammad, 2021a) with the use

of Scenario Sifter and without the use of Scenario Sifter. In this case, the

accuracy of performing FL was increased up to 10% when Scenario Sifter

was embedded on the state-of-art DFLT (Buzaid & Hammad, 2021a).
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Table 5.9: An evaluation of using state-of-art DFLTs that enhanced by using Scenario Sifter

against three Java open-source benchmark

ArgoUML-SPL with using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

Feature ID Software Features Precision (P) Recall (R) F-Measure (F)

F1 State Diagrams 0.616 1.000 0.762

F2 Activity Diagrams 0.528 1.000 0.691

F3 Use Case Diagrams 0.933 1.000 0.965

F4 Collaboration Diagrams 0.570 1.000 0.726

F5 Deployment Diagrams 0.826 1.000 0.904

F6 Sequence Diagrams 0.729 1.000 0.843

Notepad with using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

F1 Fonts 0.485 1.000 0.653

F2 Open 0.443 1.000 0.613

F3 Print 0.430 1.000 0.601

F4 Save 0.374 1.000 0.544

F5 Copy 0.359 1.000 0.528

F6 Cut 0.372 1.000 0.542

Sudoku with using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

F1 States 0.378 1.000 0.548

F2 Solver 0.441 1.000 0.612

F31 Generator 0.390 1.000 0.561

F4 Undo 0.381 1.000 0.551

F5 Hint 0.366 1.000 0.535

F6 Extended 0.375 1.000 0.545

5.3.2 Threat to Validity

The Scenario Sifter faced several difficulties from the implementation to

evaluation. The main threat in the implementation was the overhead on

OSIA to perform DFLTs. It presses an inevitable runtime overhead on the

system given that additional prob code is added to the system. Since runtime

overheads are an unpleasant side effect, a substantial effort is generally used

to create efficient instrumentation (Cassar, Francalanza, & Said, 2015) that

reduce this overhead. Synchronous instrumentation can be lowered to be

semi-synchronous instrumentation to decrease the overhead side effect. An
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Table 5.10: An evaluation of using DFLT called MappFL against three Java

open-source benchmark without using Scenario Sifter

ArgoUML-SPL without using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

Feature ID Software Features Precision (P)Recall (R) F-Measure (F)

F1 State Diagrams 0.462 1.000 0.632

F2 Activity Diagrams 0.396 1.000 0.567

F3 Use Case Diagrams 0.699 1.000 0.822

F4 Collaboration Diagrams 0.427 1.000 0.598

F5 Deployment Diagrams 0.619 1.000 0.764

F6 Sequence Diagrams 0.546 1.000 0.706

Notepad without using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

F1 Fonts 0.297 1.000 0.457

F2 Open 0.332 1.000 0.498

F3 Print 0.293 1.000 0.453

F4 Save 0.322 1.000 0.487

F5 Copy 0.269 1.000 0.423

F6 Cut 0.279 1.000 0.436

Sudoku without using Scenario Sifter in MappFL (Buzaid & Hammad, 2021a)

F1 States 0.283 1.000 0.441

F2 Solver 0.330 1.000 0.496

F31 Generator 0.292 1.000 0.452

F4 Undo 0.286 1.000 0.444

F5 Hint 0.273 1.000 0.428

F6 Extended 0.280 1.000 0.437

intermediate approach between full online synchronous instrumentation and

semi full online synchronous instrumentation provide a trade-off upon the

system (Zhang et al., 2016).

In proceeding execution trace to construct term corpus, as in general

IR techniques, the quality of the retrieved data can be effected by the in-

put query. Problems such as the dictionary mismatch problem, as well as

the tendency of users to issue short queries, or long query have affect se-

mantic similarity retrieval data. Measuring the quality of the query (Mills

et al., 2017) in advance of the runtime in DFLTs can be used to mitigate

these problems allows the user to predict his or her queries effectiveness in
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Figure 5.6: Comparison between the performance of DFLTs with using Scenario Sifter and

without using Scenario Sifter.

retrieving the data. The proposed mitigation would enhance the Scenario

Sifter to prevent neglecting an important part of the scenario due to the lack

of creating an efficient query to determine whether that part of the scenario

is important or not.

In the evaluation, two DFLTs were implemented to evaluate the effec-

tiveness of using Scenario Sifter in increasing the accuracy of the FL perfor-
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Figure 5.7: Comparison between the performance of DFLTs with using Scenario Sifter and

without using Scenario Sifter.

mance. Both of the DFLTs were compared against three software systems,

and the result recorded based on the use of Scenario Sifter and without the

use of Scenario Sifter to prevent bias judgement when only one case was

implemented, such as with use Scenario Sifter. Moreover, the selected three

software systems were included a medium size software with a ground-truth

data that well known used for FL evaluation (i.e., ArgoUML-SPL), and rel-

atively two small applications that analysed manually on the proposed eval-
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uation to prevent any bias judgement based on the targeted application.

5.4 Assessment and Evaluation of The Use of
UML Diagrams to Enhance DFLTs

In the case study, a Java application for an Automated Teller Machine (ATM)

was utilized for evaluation purposes. The ATM system comprises three pri-

mary classes with multiple fields and functionalities, amounting to approx-

imately 500 lines of code. The system includes a significant number of

objects and methods, enabling functionalities such as account management,

fund transactions, and balance inquiries. To evaluate the system, a specific

functionality was tested, and the results were meticulously documented for

analysis. The subsequent subsection provides a detailed overview of the

ATM system implementation, focusing on classes, fields, and other relevant

details. The source code for the ATM application can be found on GitHub4

Item Count Description
Classes 3 Primary classes in the ATM system

Methods 17 Total number of methods in the ATM system

Objects High Numerous objects instantiated during operation

Table 5.11: Summary of ATM System Components

The Table 5.11, labeled ”Summary of ATM System Components,” pro-

vides a concise overview of the key structural elements within the ATM

system. It delineates the system’s composition by enumerating the presence

of three primary classes that form the backbone of the ATM application.

These classes encapsulate various fields and functionalities crucial for the
4https://github.com/buzaidf/DFLTs-Input
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Method Name Purpose Input Parameters Return Type
setCustomerNumber Sets customer number int customerNumber int

getCustomerNumber Gets customer number - int

setPinNumber Sets PIN number int pinNumber int

getPinNumber Gets PIN number - int

getCheckingBalance Gets checking account balance - double

getSavingBalance Gets saving account balance - double

calcCheckingWithdraw Calculates checking withdrawal double amount double

calcSavingWithdraw Calculates saving withdrawal double amount double

calcCheckingDeposit Calculates checking deposit double amount double

calcSavingDeposit Calculates saving deposit double amount double

calcCheckTransfer Transfers from checking to saving double amount void

calcSavingTransfer Transfers from saving to checking double amount void

getCheckingWithdrawInput Gets input for checking withdrawal - void

getSavingWithdrawInput Gets input for saving withdrawal - void

getCheckingDepositInput Gets input for checking deposit - void

getSavingDepositInput Gets input for saving deposit - void

getTransferInput Gets input for fund transfer String accType void

Table 5.12: Detailed Analysis of ATM System Methods

system’s operation. Furthermore, the table quantifies the system’s complex-

ity by listing a total of 17 methods employed within the ATM system, signi-

fying the breadth of operations the system can undertake. Notably, the table

hints at the extensive instantiation of objects during the system’s runtime,

emphasizing the dynamic and interactive nature of the ATM application.

Conversely, the Table 5.12, titled ”Detailed Analysis of ATM System

Methods,” offers a granular examination of the individual methods that col-

lectively empower the ATM system’s diverse functionalities. Each method

is meticulously documented with its designated purpose, specifying the in-

put parameters required for execution and the respective return types. This

detailed breakdown facilitates a comprehensive understanding of the inner

workings of the ATM system, shedding light on how specific actions such as

setting customer information, managing account balances, processing with-

drawals and deposits, and enabling fund transfers are orchestrated within
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the application. Collectively, these tables serve as vital reference points for

comprehending the structural foundation and operational intricacies of the

ATM system, underpinning the subsequent in-depth analysis and evaluation

of its software features.

5.4.1 Converting the Text Scenario into a Use Case Dia-

gram

The objective of this subsection was to evaluate the proposed methodology

for converting a text story to a use case diagram. It was proposed to au-

tomate this process by using the eclipse plugin (Elallaoui et al., 2018) to

convert the user’s text story to a UML use case diagram. The developer was

commanded to write a text scenario describing how to exercise the software

functionality of the ATM to create an account and deposit a fund for the new

customer. A UML case diagram was generated automatically based on the

user’s text scenario. Fig 5.8 shows the result of converting the user’s text

story into a UML use case diagram to exercise the requested software fea-

ture in the ATM application. Hence, only exhibited software features were

generated in the created use case diagram.
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Figure 5.8: The generated UML use case diagram based on the text scenario.

Several tools were used to enhance the process of converting the text

scenario into a use case diagram scenario. Terms in the text story were

categorized into proper noun, personal nouns, and verbs by using a tool

called TreeTagger parser. Moreover, PlantUML tool5 was used to display

diagrams in UML format.
5https://plantuml.com/
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5.4.2 Generating and Collecting Execution Traces

Generating execution traces is an essential step in dynamic analysis. Ex-

ecuting the use case scenario diagram generated an execution trace which

presented the behavior of the exercised software feature. The collected exe-

cution trace was a text file formatted based on the proposed approach. Fig.

5.9 presents a snapshot of the generated execution trace by using the AspectJ

tracer.

Figure 5.9: Snapshot of the generated execution trace by using AspectJ to profile a software

functionality.

The collected execution trace consisted of several fields, and each field
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was dedicated to a different aspect of the analysis. For instance, the execu-

tion trace included event, filed read, filed write, methods call, method exit,

etc. Recording the size of the ATM application, a single thread system was

executed. On the execution trace context, line number indicates the set of

events that were traced when the program gets executed, such as caller, tar-

get, class, method, object, etc that were invoked when the use case scenario

was executed.

5.4.3 Trace Filtering

Despite the size of the ATM application, the size of the collected execution

trace was relatively large. It included irrelevant data to the scenario called

noise (Antoniol & Guéhéneuc, 2006). The number of utility data that were

invoked while executing the scenario affected the quality of the execution

trace to construct the UML object diagram. The tracematch filtering tech-

nique controlled the size of the collected execution trace by using a regular

expression to delete all the noise. For instance, the tracematch regular ex-

pression technique set to filter to delete all the context with the prefix such

as the Java Development Kit (JDK)6, org.eclipse, org.apache, and javax. Ta-

ble 1 shows all the prefix-list that were applied to filter the execution trace

by using the tracematch technique.

Excluding specific data, such as the prefixes listed in the Table 5.13,

from the execution trace can significantly enhance the performance of dy-

namic analysis processes. By filtering out these prefixes, which are likely

related to system libraries, frameworks, or external dependencies, the size

of the execution trace can be reduced. This reduction in size leads to im-

proved efficiency during dynamic analysis as it focuses on the relevant parts

of the codebase rather than getting bogged down by the excessive details

from external sources. Filtering out these prefixes helps in streamlining the
6https://www.oracle.com/java/technologies/
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Table 5.13: Tracematch technique uses the list of prefix to filter the execution trace.

List of Prefix
antlr.* com.apple.* com.mysql.* com.sun.*

java.* javax.* org.apache.* org.eclipse.*

org.hibernate.* org.jcp.* org.junit.* org.postgresql.*

org.w3c.* org.xml.* sun.* jdk.*

analysis process, allowing for quicker processing, easier identification of

critical issues, and a more targeted approach to understanding the behavior

of the system under examination. This optimization not only speeds up the

analysis but also enhances the accuracy and effectiveness of the dynamic

analysis techniques being employed.

5.4.4 Visualizing the Object Diagram by Using Execution

Trace

Creating a UML diagram like an object diagram by using an execution trace

enhances the DFLTs to map between the source code and executed scenario.

The object diagram depicted an easy visualization view that can be used in

DFLTs to understand a basic knowledge about the executed scenario’s be-

havior. The inner behavior interaction in the ATM application was presented

by an object diagram to locate a snapshot of the source code to the exercised

feature. Fig. 5.10 showed only the relevant objects, methods, and classes to

the executed scenario were invoked. Hence, the object diagram in Fig. 5.10

illustrated to the developer which basic data were relevant to the exercised

feature of interest.
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Figure 5.10: Snapshot of the generated UML Object Diagram by using JIVE tool.

For instance, the use case scenario diagram in Fig. 5.9 exercised the

software feature in the ATM application to show how the developer can

execute the feature to create a bank account and deposit a fund. Fig. 5.10

illustrated a basic and precise approach in which source code was required

to handle the task for the exhibited software feature.

However, constructing a UML object diagram required using the sup-

porting tool. PlantUML tool was used to help in creating the required dia-

gram. It provided the developer with plug-in functionalities that were com-

patible with the Eclipse environment. The syntax of the proposed supported

tool was defined by using a simple and intuitive language. For example, the

UML diagram begin with @startuml tag and the end of the diagram end

with @enduml tag.
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5.4.5 Visualizing the Class Diagram by Using Execution

Trace

Fig. 5.11 depicts the required classes that are used to implement the pro-

posed use case plugin. Each class in UML class diagram has a specific

functionality to implement (Planas & Cabot, 2020). For example, the Com-

ponentInitializer class aims to generate all components of the use case di-

agram, such as creating the method to generate actors, creating a method

to generate the use case, and creating a method to represent their associa-

tion relation. Creating a model, generating a model, or updating the model

are handled by ModelInitializer class. Moreover, the collection of actors is

presented by the Model class. Finally, the created plugin accepts the text

sentences based on the syntax proposed by Wautelet et al (Wautelet, Heng,

Kolp, & Mirbel, 2014). For instance, the developer should start the sentence

with (I want to), (I can), or (I am able) to exercise the feature of interest. The

plugin’s output is managed by FileGenerator class, which consists of three

methods, write method, profileExist method, and generateOutPut method.

Each generation model is specified by a unique identifier managed by Id-

Creator class.

The objective of creating the Java plugin described is to streamline and

automate the process of generating use cases from text scenario stories. By

developing this plugin, the aim is to enhance software usability by facili-

tating the conversion of textual scenarios into structured use case diagrams.

The plugin utilizes a structured approach, as depicted in a UML class di-

agram, to model the functionality required for generating these use case

diagrams. Specific classes within the plugin, such as ComponentInitial-

izer, ModelInitializer, Model, FileGenerator, and IdCreator, are designed

with distinct functionalities to handle various aspects of the use case gen-

eration process. The plugin’s design allows for the interpretation of text

inputs following predefined syntax guidelines, enabling developers to eas-
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ily map textual descriptions to specific software features. Ultimately, the

creation of this plugin aims to improve the efficiency and accuracy of use

case generation by automating the translation of text scenarios into visual

representations, thereby contributing to the success of software solutions.

Figure 5.11: The UML class diagram template of Meta-model to generate use case diagram

(Elallaoui et al., 2018)

.

5.4.6 Results and Discussion of using UML Use Case Dia-

gram to configure AETFS

The result of the third configuration of the AETFS by using UML is up

to 17% of the accuracy in the DFLTs is increased when the developers are

precise in the input of DFLTs. Therefor, solving the problem of creating

DFLTs inputs motivates the software researchers to enhance the developers

in determining the accurate inputs of DFLTs and ease the difficulties of un-

derstanding the relationship between the software input and execution trace

in dynamic analysis.
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Based on the provided table, Table 5.6, I have created a comparison table

that demonstrates the increase in precision (P), recall (R), and F-measure (F)

when utilizing the UML Use Case technique.
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Table 5.14 compares the DFLT performance without the UML Use Case

technique to the performance with the UML Use Case technique imple-

mented. It includes the precision, recall, and F-measure values for each

dataset in both scenarios, as well as the percentage increase in performance.

The table shows that when the UML Use Case technique is employed,

there is an improvement in precision, recall, and F-measure for most datasets.

The percentage increase varies for each metric and dataset.

However, in our proposed solution configuration of the AETFS, we

leverage the ATM basic system to exemplify the application of UML Use

Case diagrams. To conduct a comprehensive analysis of the results, we uti-

lize six real project size datasets to compare the performance of DFLTs with

and without the incorporation of UML Use Case techniques. The compar-

ison, as depicted in Table 5.14, demonstrates substantial performance im-

provements when UML Use Case techniques are employed across various

datasets, showcasing enhancements in P, R, and F-Measure. Notably, the

average performance increase across the datasets stands at 17%, underscor-

ing the effectiveness of integrating UML Use Case techniques within the

AETFS configuration for enhanced performance outcomes.

The line chart diagram 5.12 presents a comparison of the performance

of DFLTs with and without the utilization of UML Use Case techniques

(Buzaid, Albalooshi, & Elmedany, 2022). The x-axis represents the datasets,

labeled as D1, D2, D3, D4, D5, and D6, while the y-axis represents the per-

formance metric.

The blue line on the graph represents the performance of DFLTs with-

out employing UML Use Case techniques, while the red line represents the

performance when UML Use Case techniques are incorporated.

Analyzing the chart, we observe that the performance varies across dif-

ferent datasets. In the case of D1 (ArgoUML0.22), the red line slightly sur-

passes the blue line, indicating a performance increase of 7% in precision
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Figure 5.12: Performance Comparison of DFLTs with and without UML Use Case Tech-

niques

(P) and 1% in F1-score (F). However, the recall (R) decreases by 2%.

For D2 (ArgoUML0.24), the blue line outperforms the red line in preci-

sion, but the red line exhibits a 10% improvement in recall and a 2% increase

in F1-score.

Moving on to D3 (ArgoUML0.26.2), the red line shows a substantial

improvement in precision (9%) and F1-score (5%) compared to the blue

line, with a minimal increase in recall (1%).

In the case of D4 (JabRef2.6), D5 (jEdit4.3), and D6 (muComman-

der0.8.5), the red line consistently outperforms the blue line in all perfor-

mance metrics, demonstrating performance gains ranging from 3% to 8%

across precision, recall, and F1-score.

Overall, the line chart analysis suggests that the incorporation of UML

Use Case techniques in DFLTs yields improvements in performance for

most datasets. However, the extent of improvement varies depending on the

dataset and the specific performance metric considered. Consequently, re-

searchers and practitioners can use this information to make informed deci-

sions regarding the utilization of UML Use Case techniques in their DFLTs.
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5.4.7 Threat to Validity

The use case study used a relatively small size of a java application to eval-

uate the proposed methodology. The result of the case study cannot be used

to measure the effectiveness of the proposed approach for a real-life soft-

ware system without implementing a case study that may contain KLOC.

However, the used application had the required number of methods, objects,

and classes to evaluate the correctness of the proposed methodology. In

addition, some minor changes to the source code were implemented to ad-

dress the cases of the limited number of classes and objects. For instance,

the conversion automated process of transferring a text story to a use case

diagram faced difficulties in handling a complex text sentence. A text sim-

plification technique (Siddharthan, 2014) was used to mitigate the sentence

complexity.

However, the execution of the use case scenario in the ATM application

generated a large size of the execution trace. Dynamic analysis monitored

all invoked events in the running program, including the packages and im-

port libraries. Filtering the execution trace manually was a tangled task and

time-consuming. Therefore, filtering the execution trace automatically by

using the tracematch technique was an important process in the proposed

methodology. For instance, regular expression was used to element all im-

ported external libraries from JDK.

Although eliminating the noise from the execution trace decreased the

file size, visualizing reverse-engineering creates difficulties during the visu-

alization process. Understanding the behavior of the Object-Oriented Pro-

gramming language (OOP) such as Java is a challenging task in terms of

reverse engineering. To mitigate the obstacle of understating the inner be-

havior of Java, it was proposed to use source code with structural and be-

havioral aspects of the program with UML diagrams, specifically object

diagram (J. Yang, Lee, Gandhi, & Valli, 2017).
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5.5 Evaluation Summary for the Three Experi-
ments Configuration of the AETFS

In the evaluation summary presented in the three AETFS configurations, a

technique called AETFS was applied to improve the DFLTs process. The

initial evaluation of P, R, and F-measure (F) was conducted without utiliz-

ing AETFS, using the DFLTs approach. The obtained results provided a

baseline for comparison. However, subsequent evaluations were performed

after implementing DFLTs with AETFS. This integration of AETFS signif-

icantly influenced the results, leading to improvements in P, R, and overall

F-measure. Table 5.15 presents the comparative evaluation results for the

case study, highlighting the impact of incorporating AETFS into the DFLTs.
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The Table 5.15 provided offers a detailed comparison of case study eval-

uations for three distinct AETFS configurations. Each P), R, and F-Measure

score presented represents an average result derived from the specified Ex-

periment Evaluation Number.

For example, in Experiment Evaluation Number 5.2, the P is recorded at

75% without utilizing AETFS, whereas the P score for the same evaluation

stands at 84%. This P value is derived as the average of the P values from

Table 5.6 across the six datasets, both with and without the application of

MappFL. Similarly, the averages for R and F-Measure are computed from

Table 5.6, and the results average values are displayed in Table 5.15. The

subsequent three paragraphs delve into a detailed explanation of the findings

presented in Table 5.15.

In the first Experiment Evaluation Number 5.2, the AETFS configura-

tion demonstrates improvements across all metrics when compared to the

scenario without AETFS. Precision increases from 75% to 84%, Recall

from 87% to 97%, and the F-Measure from 80% to 90%. This significant

enhancement underscores the positive impact of integrating AETFS in this

particular setting.

Moving to the second Experiment Evaluation Number 5.3, the introduc-

tion of AETFS leads to varied outcomes. While Precision and F-Measure

experience slight improvements, with values rising from 34% to 48% and

from 49% to 65%, respectively, the Recall metric remains unchanged at

100%. This suggests a specific aspect where further optimization may be

necessary.

In the context of the third Experiment Evaluation Number 5.4, the AETFS

configuration showcases notable advancements across all metrics. Precision

increases from 75% to 87%, Recall remains at a perfect 100%, and the F-

Measure sees a significant rise from 80% to 92%. These results highlight the

substantial benefits of incorporating AETFS in this specific configuration,

198



emphasizing its effectiveness in optimizing system evaluation processes.

These results highlight the value of incorporating AETFS into the fea-

ture location process. The utilization of AETFS significantly improved the

precision, recall, and F-measure, leading to more accurate and comprehen-

sive identification of relevant features. This suggests that AETFS can effec-

tively assist in automating the extraction of testable feature scenarios and

enhance the overall efficiency and effectiveness of the feature location pro-

cess.

In other words, The line chart presents in Figure 5.13 provides a sci-

entific analysis of the performance comparison for three AETFS configu-

rations. The x-axis represents the different AETFS configurations, labeled

as Exp 5.2, Exp 5.3, and Exp 5.4. The y-axis represents the performance

metric, with higher values indicating better performance.

Analyzing the chart, we observe two lines: a blue line representing

performance without AETFS and a red line representing performance with

AETFS.

For Exp 5.2, the blue line shows a performance of 75%, while the red

line demonstrates an improvement to 84%. This indicates that the AETFS

configuration leads to a performance increase of 9% in this particular sce-

nario.

Moving to Exp 5.3, the blue line shows a performance of 34%, while

the red line exhibits a substantial improvement to 48%. This represents a

significant performance increase of 14% when using the AETFS configura-

tion.

In Exp 5.4, the blue line displays a performance of 75%, while the red

line demonstrates an improvement to 87%. This signifies a notable perfor-

mance increase of 12% when applying the AETFS configuration.

Overall, the line chart analysis illustrates that the AETFS configuration

consistently improves performance across all three evaluated sections. The
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Figure 5.13: Comparison of Case Study Evaluation for Three AETFS Configurations

performance gains range from 9% to 39%, depending on the specific section

considered. These findings provide scientific evidence for the effectiveness

of AETFS in enhancing the performance of the system under evaluation.

Researchers and practitioners can utilize this information to make in-

formed decisions about the adoption of AETFS configurations in similar

scenarios, where improved performance is desired.
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Chapter 6

Conclusions and Future Research Work

This study introduces a novel method, AETFS, which leverages the con-

tent of execution traces to refine the input formulation necessary for exer-

cising software features, thereby enhancing the precision of DFLTs. The

ideal configuration for this method was identified, and its effectiveness was

benchmarked against leading IR techniques such as LSI, LDA, VSM, and

UML, which serve as the baseline for DFLTs. Ultimately, the performance

of AETFS in executing DFLTs was thoroughly evaluated.

The ideal setup for AETFS was determined through empirical research

to involve application at the method level, including variables, classes, and

objects, and it employs bytecode instrumentation within the JVM. Addi-

tionally, this configuration incorporates a filtering process for utility data

sets that are called upon during execution.

This research highlights the importance of defining inputs for DFLTs to

optimize configurations. Variations in AETFS configurations showed un-

predictable performance differences. Pre-characterizing analyzed systems
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can aid in selecting appropriate input scenarios. While past literature often

overlooks DFLT configuration and input details, this study suggests priori-

tizing them in future research.

This chapter is organized as follows: it begins by listing the contri-

butions made by this study; it then provides responses to the initial re-

search questions posed; it examines potential limitations and their impact

on the study’s validity; it outlines the significance of the findings for both

researchers and practitioners; and it concludes with a dialogue on prospec-

tive research directions.

6.1 Contributions

This work’s unique additions to the current body of knowledge encompass:

• The study introduced and implemented a new textual filtering method

for execution traces, known as AETFS, designed to address the chal-

lenge of limited vocabulary within execution trace content. This method

is grounded in sophisticated (IR) techniques, including LSI, LDA, and

VSM, and is fine-tuned for:

– Selecting the most efficient way to manage tracing the invoked

data (Bytecode Instrumentation)

– Refining the textual query that delineates the software feature

in use to augment the capabilities of the Information Retrieval

system.

– Applying sophisticated Information Retrieval models like LSI,

LDA, and VSM to filter the gathered execution trace data.

• The conclusion that the choice of inputs for DFLTs should be influ-

enced by the attributes of the system, and the identification of several

of these attributes pertinent to AETFS.
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• The assessment of this method demonstrates its competitiveness with

contemporary, cutting-edge DFLTs.

• An integrated method that combines execution trace with source code

analysis, employing UML visualization techniques to improve AETFS’s

precision in choosing the correct inputs for DFLTs.

6.2 Addressing the Study’s Inquiries

RQ1: How can we effectively formulate scenarios or test cases to exer-
cise specific software features in DFLTs?

The AETFS method, as outlined in Chapter 3, provides a solution to this

question within the context of DFLTs. This method enables the aggregation

of execution traces collected when a software feature is demonstrated by a

scenario. This aggregated data provides developers with feedback, helping

them identify which executed scenarios were most effective in implement-

ing DFLTs.

When combined with IR, it facilitates the indexing and searching of nec-

essary entities based on a search query. The inputs for AETFS are scenarios

or test cases and a text query that describes the feature at a high level.

AETFS depends on instrumentation techniques used to generate execu-

tion traces. These traces are collected as documents for further processing

in subsequent stages, with each document representing a segment of a sce-

nario.

RQ2: What impact does the accuracy of scenario formulation have
on the performance of DFLTs?

The empirical study in Chapter 5 provides an answer to this research

question. Execution traces that are generated can be grouped in various

unique ways to tackle the issues of the large size and significant noise in

the collected execution trace. This includes considerations of granularity,
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the volume of the execution trace collected from a single scenario, and the

filtering of the collected execution trace content. The residual properties

in the execution trace could potentially influence the success of scenario

reformulation.

The initial discovery in response to this research question is that the use

of method-level granularity proved more effective for AETFS than file-level

granularity. This was particularly true when identifying entities that could

be utilized in subsequent stages to ascertain the accuracy of the scenario.

This finding aligns with prior research on the impact of granularity on input

scenarios in DFLTs (Hayashi et al., 2016). It appears that both DFLTs in

general, and AETFS in particular, are more optimally utilized at the method

level of granularity.

An additional intriguing outcome of this study indicates that the incor-

poration of any form of instrumentation technique adversely affects the ef-

ficiency of AETFS at the method level granularity. A robust, positive, and

statistically significant correlation was noted with the use of bytecode in-

strumentation technique (JVM Java Agent) across all subject systems. This

could potentially suggest that employing the appropriate instrumentation

technique may reduce the size of the collected execution traces.

Interestingly, the performance of DFLTs improved significantly when

the content of the execution traces was filtered using text classification based

on text query input. In fact, DFLTs integrated with AETFS showed a 12%

improvement in terms of Precision, Recall, and F-Measure compared to

DFLTs without the use of AETFS. Future research could explore whether

more advanced classification techniques could further enhance this perfor-

mance.

Through a systematic comparison and elimination of the least effec-

tive configurations, it was determined that the best response to RQ2 in-

volves segmenting the execution traces and applying a filtered method-level
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AETFS configuration. This configuration, which includes both possible

configurations, yielded the most favorable results. Specifically, the con-

figuration involving text classification and scenario segmentation proved to

be significantly more efficient than the others.

RQ3: How can execution traces be optimally utilized in the process
of feature location when using accurately formulated scenarios or test
cases?

For RQ2, we identified the most effective configuration of AETFS within

DFLTs and compared it with a standard DFLTs approach. A distinct split

was observed among the subject systems, particularly when DFLTs and

AETFS were implemented. The AETFS method outperformed in three out

of eight systems, while the DFLTs baseline proved superior for the remain-

ing four systems. Therefore, in response to RQ3, we observed varied results:

AETFS was more effective for half of the studied software systems and less

so for the other half.

RQ4: What are the challenges and potential solutions in formulat-
ing scenarios or test cases for DFLTs in large and complex software
systems?

A significant challenge in AETFS was to identify DFLTs that could be

uniformly applied across all configurations of AETFS. To ensure a fair eval-

uation of AETFS, various metrics of the subject systems were examined.

One metric that appeared to be relevant was the size of the scenario required

to exhibit the targeted feature, F. Systems that required fewer scenario seg-

ments to exercise the software feature responded more favorably to AETFS.

Another less obvious characteristic to consider is the age of the software

system. Younger systems seemed to respond better to AETFS. However,

these preliminary findings require further empirical evaluation.

RQ5: How can we measure the effectiveness and efficiency of differ-
ent scenario formulation strategies in DFLTs?
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Considering the variety of systems identified in RQ3 and RQ4, we evalu-

ated the combination of AETFS and the DFLTs baseline. We discovered that

integrating DFLTs with AETFS significantly enhances performance by up to

45%. In essence, the assessment of AETFS was conducted by comparing the

performance of DFLTs with and without the use of AETFS. There are sev-

eral existing DFLTs techniques (Cornelissen et al., 2009; Dit, Holtzhauer,

et al., 2013; Rubin & Chechik, 2013; Buzaid & Hammad, 2021b), and all

of them require scenarios or test cases. The performance of these DFLTs

was evaluated both with and without the use of AETFS. The results of these

evaluations are detailed in Chapter 5.

In conclusion, and to address the primary research question, “Does care-

ful formulation of input scenarios enhance the efficiency of DFLTs in map-

ping software features to source code?”:

• The proposed approach, that leverages the collected execution trace

(AETFS), is effective.

• There are multiple configurations of AETFS at the method level. Seg-

menting the scenario to generate several execution traces and includ-

ing only the most pertinent one improves the effectiveness of DFLTs.

• This configuration AETFS seems to work for DFLTs in systems that

have been developed by Java.

• When used in conjunction with DFLTs, AETFS produces more effec-

tive outcomes than DFLTs used independently. However, it’s impor-

tant to note that AETFS on its own is not a solution for associating

source code with the corresponding feature.
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6.3 Conclusion

Over more than ten years of DFLTs research, a considerable number of

FLTs have been produced: 60 FLT papers were pinpointed by (Dit, Revelle,

Gethers, & Poshyvanyk, 2013), and an additional 27 were identified as part

of this study’s literature review. Presently, the focus of DFLTs research is

on those that incorporate a blend of other methods (over half of the papers

in the literature describe such approaches). However, these methods have

seldom been analyzed to determine the most effective configurations and

have been uniformly applied to all software systems, following the “one-

size-fits-all” paradigm. The need for more refined tuning of FLTs has been

recently acknowledged (Rubin & Chechik, 2013; Sulı́r & Porubän, 2017a),

and this should become an increasing trend in the field. The goal should be

to examine existing DFLTs to evaluate whether the configuration of other

cutting-edge techniques in the field influences effectiveness.

The use of instrumentation techniques to generate execution traces has

proven to be highly effective in dynamic feature location. These techniques

provide valuable insights into the runtime behavior of software systems, en-

abling more accurate mapping of features to source code. However, there is

still room for improvement, particularly in the area of bytecode instrumen-

tation (Soueidi, Monnier, & Falcone, 2023). Future work could focus on

developing more sophisticated bytecode instrumentation techniques to en-

hance the precision and efficiency of dynamic feature location. This could

involve exploring different strategies for bytecode modification, optimiz-

ing the process of trace generation, and investigating how to handle com-

plex scenarios such as multithreading or asynchronous operations (Troelsen,

Japikse, Troelsen, & Japikse, 2020). Ultimately, the goal is to continue

advancing the field of dynamic feature location to better support software

maintenance and evolution.

This study uncovered an intriguing discovery that points to a new, meta-
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level DFLTs. It was observed that various subject systems have different

responses to scenarios and DFLTs based on collected execution traces. Con-

sequently, future research should aim to pinpoint the characteristics of soft-

ware systems that align with specific DFLTs. Indeed, there are other char-

acteristics, not related to source code, that might influence the choice of

different DFLTs. For instance, in TFLTs, the quantity of source code tests

(which could serve as scenarios) and the extent of source code coverage by

these tests could be considered as one of the characteristics. The quality of

the text query is crucial for TFLTs (Refer to Chapter 2).

The integration of the AETFS solution in the formulation of accurate

scenarios or test cases has shown to significantly enhance the performance

of dynamic feature location techniques. AETFS, with its ability to adap-

tively trace features, provides a more refined path through the software sys-

tem, leading to a more precise mapping of features to their corresponding

source code.

Accurate scenarios, when combined with AETFS, illuminate the specific

sequences of events and interactions that activate a particular feature. This

allows dynamic feature location techniques to trace these paths back to the

relevant sections of source code, thereby identifying the code responsible

for implementing the feature.

Test cases, when enhanced with AETFS, provide a benchmark against

which the actual behavior of the software can be compared. This compari-

son can reveal discrepancies between the intended and actual functionality,

guiding the feature location process towards the problematic areas of code.

However, the effectiveness of these techniques is not without its chal-

lenges. The complexity of modern software systems, coupled with the in-

herent variability in user behavior, can make it difficult to create scenarios

and test cases that accurately represent all possible paths through the sys-

tem. This is where AETFS comes into play, adapting to these complexities
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and providing more accurate traces.

Despite these challenges, the benefits of using AETFS in conjunction

with accurate scenarios and test cases in dynamic feature location tech-

niques are clear. They provide a structured and systematic approach to fea-

ture location, reducing the time and effort required to understand complex

software systems.

Looking ahead, there is considerable scope for further research and de-

velopment in this area. Future work could explore new methods for gen-

erating and refining scenarios and test cases, leveraging advances in ar-

eas such as machine learning and artificial intelligence. Additionally, re-

search could investigate ways to integrate dynamic feature location tech-

niques more closely with other software development practices, enhancing

their utility and applicability.

In conclusion, the use of AETFS in conjunction with accurate scenarios

and test cases in dynamic feature location techniques represents a powerful

tool for understanding and maintaining software systems. While challenges

remain, the potential of these techniques to improve the efficiency and effec-

tiveness of feature location is significant. As research continues to advance

in this field, it is anticipated that these techniques will play an increasingly

important role in the future of software development.

6.4 Future Work

The field of dynamic feature location in source code is ripe for future ex-

ploration and development. One potential area of research could be the

development of more sophisticated algorithms for dynamic feature location.

These algorithms could leverage advances in machine learning and artifi-

cial intelligence to improve the accuracy and efficiency of feature location.

For example, machine learning models could be trained on large datasets
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of software systems to learn patterns and correlations that can aid in feature

location. These models could then be used to predict the location of features

in new or modified software systems, reducing the time and effort required

for manual feature location.

Another promising direction for future research is the integration of dy-

namic feature location techniques with other software development prac-

tices. For instance, dynamic feature location could be incorporated into the

software testing process to help identify the parts of the source code that are

associated with specific features. This could improve the effectiveness of

testing by ensuring that all relevant parts of the code are adequately tested.

Similarly, dynamic feature location could be used in the context of software

maintenance and evolution to help developers understand the impact of their

changes on the functionality of the software.

Moreover, future research could also focus on improving the scalability

of dynamic feature location techniques. As software systems continue to

grow in size and complexity, it becomes increasingly challenging to locate

features in the source code. New methods and tools could be developed to

handle large-scale software systems, making it easier to locate features in

these systems. This could involve the development of distributed or parallel

algorithms for feature location, or the use of cloud computing resources

to perform feature location on a large scale. Overall, the field of dynamic

feature location in source code offers many exciting opportunities for future

research and development.

Finally, in the forthcoming stages of this research, a more detailed ex-

ploration and analysis will be dedicated to addressing the research ques-

tions outlined above (RQs 6 to 10). These inquiries are designed to pro-

vide a comprehensive understanding of the intricacies involved in improving

Dynamic Feature Location Techniques (DFLTs) by focusing on the devel-

opment of tools and techniques to enhance scenario formulation accuracy
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(RQ6), ensuring comprehensive coverage of exercised features in formu-

lated scenarios (RQ7), incorporating developer expertise into the DFLTs

process (RQ8), leveraging ML or AI for scenario formulation enhancement

(RQ9), and standardizing best practices for scenario formulation across projects

and teams (RQ10). Each of these research questions will be explored in

more depth, utilizing specific metrics to assess effectiveness, usability, cov-

erage, expertise impact, automation levels, consistency, and quality of sce-

narios formulated in the context of DFLTs.
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Bittner, P. M., Schultheiß, A., Thüm, T., Kehrer, T., Young, J. M., & Lins-

bauer, L. (2021). Feature trace recording. In Proceedings of the

29th acm joint meeting on european software engineering conference

and symposium on the foundations of software engineering (pp. 1007–

1020).
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(2015). Can method data dependencies support the assessment of

traceability between requirements and source code? Journal of Soft-

ware: Evolution and Process, 27(11), 838–866.

Lau, K.-K., & Arshad, R. (2016). A concise classification of reverse engi-

222



neering approaches for software product lines. In International jour-

nal on advances in software: Icsea 2016: The eleventh international

conference on software engineering advances.

Le, Q., & Mikolov, T. (2014). Distributed representations of sentences

and documents. In International conference on machine learning (pp.

1188–1196).

Le, T.-D. B., Oentaryo, R. J., & Lo, D. (2015). Information retrieval and

spectrum based bug localization: Better together. In Proceedings of

the 2015 10th joint meeting on foundations of software engineering

(pp. 579–590).

Lee, J. H., & Ostwald, M. J. (2024). Latent dirichlet allocation (lda) topic

models for space syntax studies on spatial experience. City, Territory

and Architecture, 11(1), 3.

Lessa, D., Czyz, J. K., & Jayaraman, B. (2010). Jive: A pedagogic tool

for visualizing the execution of java programs. Bericht, Univ. of New

York, Buffalo.

Li, C.-T., Cao, J., Ma, C., Shen, J., & Wong, K. H. (2022). An agnostic

and efficient approach to identifying features from execution traces.

Knowledge-Based Systems, 250, 108988.

Liu, D., Marcus, A., Poshyvanyk, D., & Rajlich, V. (2007). Feature location

via information retrieval based filtering of a single scenario execution

trace. In Proceedings of the twenty-second ieee/acm international

conference on automated software engineering (pp. 234–243).

Lu, X. A., & Keefer, R. B. (1995). Query expansion/reduction and its

impact on retrieval effectiveness. NIST SPECIAL PUBLICATION SP,

231–231.

Maalej, W., Tiarks, R., Roehm, T., & Koschke, R. (2014). On the compre-

hension of program comprehension. ACM Transactions on Software

Engineering and Methodology (TOSEM), 23(4), 1–37.

223



Marcus, A., & Haiduc, S. (2013). Text retrieval approaches for concept

location in source code. Software Engineering: International Summer

Schools, ISSSE 2009-2011, Salerno, Italy. Revised Tutorial Lectures,

126–158.

Marcus, A., Sergeyev, A., Rajlich, V., & Maletic, J. I. (2004). An infor-

mation retrieval approach to concept location in source code. In 11th

working conference on reverse engineering (pp. 214–223).

Márquez, G., Astudillo, H., & Kazman, R. (2023). Architectural tactics

in software architecture: A systematic mapping study. Journal of

Systems and Software, 197, 111558.
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