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Abstract

Software engineering is witnessing a market struggle in delivering functional products due
to time constraints. Nowadays, software developers are reusing already existing software
components instead of developing the whole software from scratch. Therefore, software reuse
is considered a state of practice in the software development industry. The primary goal of
software reuse is to reduce the development effort and project budget and increase produc-
tivity. Howsoever, some factors may lead to a software reuse failure. Wherefore, software
development companies have to consider these factors to prevent project failure due to soft-
ware reuse. Also, it has been seen clearly in the past the disastrous consequences of wrong
software reuse. Thus, predicting a successful software reuse experience can help prior any
software reuse attempt to avoid any loss caused by a wrong software reuse decision. However,
until this day, there is no silver bullet solution that could predict software reuse experience
nor estimate software components’ reusability.

This thesis tackles two scenarios that help during software reuse decision-making. These
scenarios do not focus on factors related to the technical aspects of the project, but they also
cover the companies’ managerial decisions. The first scenario is predicting the success of soft-
ware reuse experience in a project using machine learning. In this thesis, the potential of six
machine learning algorithms to predict successful software reuse experiences were evaluated.
Naive Bayes, Artificial Neural Network, K-Star, Hoeffding Tree, Support Vector Sachine, and
K-Nearest Neighbor were used to evaluate the prediction on a public dataset. Results showed
that machine learning performed very well in predicting software reuse, with accuracy reach-
ing 100%. Also, feature selection techniques were introduced to extract the most relevant
attributes from the dataset. The empirical results showed that feature selection improved
software reuse experience prediction. Finally, we tried to handle the dataset’s weakness by
incorporating ensemble machine learning. To the best of our knowledge, this is the first
attempt at using ensemble learning in predicting successful software reuse experiences. The
empirical study showed remarkable results that scored an accuracy of 100%.

The second scenario proposes a software reusability estimation model. The model analyzes
the static metric of java classes using data clustering and regression to estimate its reusability.
The model was built based on a public dataset that used import line code as a reuse rate.
Also, the goal, question, metric paradigm was used as a feature selection technique to extract
the most relevant metrics in the used dataset. The evaluation results of the proposed model

have successfully evaluated java classes reusability with very minimal error rates.
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Chapter 1

Introduction

1.1 Overview

In 1968, the NATO science committee sponsored a conference that discussed all software
development and software engineering discipline concerns. Some of these concerns tackled
the massive gap between the users’ expectations and the developed software. Also, the
developed software lack meeting the requirements’ specifications and suffered from budget
overrun. Furthermore, it took more time than scheduled to complete the software projects
(Naur and Randell, 1968). It has been over a half-century since the NATO conference, but
still, these concerns persist.

Moreover, they became more complicated nowadays due to the growth of software project
complexity. Typically, developing software takes a lot of time and effort. Recruiting more
workforces may significantly increase the project cost. Large-scale software projects or critical
software such as space navigation systems require even more time and budget since any
software defect could be catastrophic.

Therefore, the software development industry faces a huge demand to develop fully com-
petent software in minimal time. The massive growth of the software industry and the
increase of systems complexity obstruct fulfilling the market needs. Furthermore, the rapid
growth of software complexity and technology hinder delivering efficient and reliable prod-
ucts. Moreover, software engineering standards are neglected during development due to
market pressure and delivery schedules. As a result, the developed software lacks quality and
functionality. Therefore, there is a demand to adopt practices and techniques to enhance
software development productivity while minimizing the software project constraints, cost,

budget, and schedule.



In response to this demand and to improve the deliverables of the software projects, soft-
ware reuse became a prevalent practice during development, especially after the introduction
of Object-Oriented (OO) programming (Jalender et al., 2010). Nowadays, software is devel-
oped from existing software components and artifacts rather than implementing from scratch.
Software reuse cuts down the development time and increases productivity. Also, software
reuse reduces effort and work repetition since many software components have already been
developed. Moreover, software reuse has a positive influence on the project’s budget. Also, it
uplifts the software reliability since the behavior of the reused component is already known.
Nevertheless, reuse assets are error-prone since they are tested repeatedly. Moreover, reused
assets can be isolated instantly when any fault occurs.

According to Lehman’s laws of software evolution (Lehman, 1996), software changes are
inevitable. The software’s complexity will continue to grow until a software replacement is
more cost-effective than maintaining the existing one. Furthermore, it is trivial to implement
complex software from scratch. Therefore, reusing well tested software assets would increase
software development productivity and reduce the project cost. In addition to that, the
surging growth Open Source Software (OSS) has offered a wide selection of reusable software
components (Lampropoulos et al., 2018). Although software reuse increases the software
dependability and reduces the error margins, selecting reusable software components can be
critical. In 1996, during flight 501 of Ariane 5, the rocket veered the flight path at an altitude
of 3700 miles and exploded. The investigation concluded that the cause of failure was a bug
in a reused source code in the flight control system (Lions et al., 1996). Therefore, assessing

software assets is for reuse is very crucial and must be systematic.

1.2 Research Background

Software reuse is a practice that identifies and utilizes pre-existing software artifacts that
have similarities to software project requirements or design—these artifacts could be reused
instead of developing the required components from scratch. Reuse software components help
in improving software projects’ productivity and performance while elevating the software
quality attributes. Software reuse as a practice requires several vital features to accomplish
its purpose. First, it has to be systematic to exploit the similarities application and the
requirements. Also, knowledge competency is required so software reuse can efficiently con-
tribute to achieving project goals. Moreover, the software reuse mechanism needs to be well

defined to get the full advantage of software reuse (Ezran et al., 2002).



Software Reuse was first proposed by (Mcllroy et al., 1968). The authors suggested that
examining the software components’ variability could help to develop software components
inventories. Software reuse was formally acknowledged as a discipline in the eighties after
a conference sponsored by ITT (Biggerstaff and Perlis, 1989), and the publication of the
software reusability book (Programming, 1983). In the eighties, five major reusability top-
ics were considered state of the art. These topics are reusing modules, reusing common
systems programs, reusing architecture, reusing design, and reusing data (Jones, 1984). In
1991, (Latour et al., 1991) proposed a reference model called ”3Cs”. The proposed model
promotes the separation between the implementations and specifications to emphasize the
software component’s reusability. The software component consists of three aspects. Figure

1.1 presents the model’s aspects which are:

e Context describes how the component is used; it is represented as the parameters.
e Concept defines the component; it corresponds to the abstraction and formal methods
of the component.

e Content specifies how the component works, representing the implementation of the

component.
- Parameters
Operate
-?bstracts
- Formal Methods
Realize
- Implementation

Figure 1.1: 3Cs Model of Software Component

To achieve the most significant benefit from reusable components, they must be designed

to work in a specific domain. Also, when designing a reusable component, the changed



aspects must be identified and the method that will demonstrate the unchanged elements.
The 3Cs model became a blueprint of software reuse researches in the past decades.

Mainly, there are two types of software reuse: horizontal reuse and vertical reuse. Horizon-
tal reuse focuses on reusing software components in a broad spectrum of application domains.
The usage of the third-party application also the Commercial Off-The-Shelf (COTS) within
the large-scale applications are examples of horizontal reuse. Also, the applicability of this
type of reuse is high since the software components are generic. Meanwhile, vertical reuse
aims to reuse within a specific domain or applications that are closely related. Therefore, it
focuses more on developing product lines (Jalender et al., 2010),(Anasuodei et al., 2021).

Furthermore, the motivation and planning of reusing software components classify soft-
ware reuse into two types. These types are systematic reuse and opportunistic reuse. The
systematic reuse may influence the reuse-driven software development model. This model
considers software reuse while building the software component. Meanwhile, opportunistic
reuse opposes systematic reuse in terms that it is unplanned. Usually, it occurs when the
software developers realize the similarity of an existing artifact with the pursued functionality
(Barros-Justo et al., 2018).

1.3 Research Problem

Developing software is considered an intellectual task that requires analytical and critical
thinking due to its complexity. Moreover, software development goes through various ac-
tivities such as requirements analysis, software design, implementation, testing, and main-
tenance. With the rapid increase of technology complexity, these activities became more
challenging and time-consuming. Furthermore, the high demand for business digitization has
created a massive gap between the market demand and the software development progress.
There is debate in the software engineering discipline about accelerating the software devel-
opment progress effectively without compromising the software quality.

Software reuse was introduced as a practice that would help to revolutionize the software
development process. However, the absence of a defined software reuse strategy in most
software development organizations contributed to the failure of software reuse to become a
standard practice in the software engineering discipline. Although the software development
organization believes that software reuse would influence software development productivity,
there is no standard practice that manages software reuse. Also, the non-existence of an

assessment model that determines the reusable software artifact. This assessment model



could help the software professionals to select the reusable software assets without depending
on the software developers’ skills and experiences.

Reusing improper software assets may lead to software faults and failure. As mentioned
earlier, the destruction of Ariane 5 in 1996 was due to faults in the spaceship Inertial Reference
System (IRS). The cause of this accident was an integer overflow caused by converting the
velocity data from a 64-bit floating-point to a 16-bit integer. Also, the flight system did not
disclose a clause that handles this type of error value. This IRS was reused for its predecessor
Ariane 4 (Lions et al., 1996). Another incident is the Therac-25 accidents; Therac-25 was
a radiation therapy unit used to treat malignant tumors. Six patients received a massive
overdose of radiation given by Therac-25 between 1985 and 1987. The radiation unit reused
the same software control used in the radiation unit predecessors Therac-6 and Therac-20.
The overdose accidents have caused death to four patients plus severe injuries to others.
Failure to thoroughly test the reused software since its development teams consist of one
programmer only prevented detecting software bugs (Leveson and Turner, 1993). A recent
incident was the Equifax data breach which happened in 2017. Equifax, one of the largest
credit reporting agencies in the United States, has announced a data breach of the personal
information of 148 million of their consumers. The company gathers and analyzes consumers’
information to create reports and credits scores; these reports are sold to third parties. The
cause of the data breach was the failure to update a reused open-source Java library (U.S.
House of Representatives Committee on Oversight and Government Reform, 2018).

Lesson learned from these examples; the importance of a software reuse assessment frame-
work that helps identify the reusable assets and understand the impact of reusing software
components. Also, some factors are related to the project settings, such as projects’ staffing
may lead to software reuse failure. Therefore, the assessment framework must consider tech-
nical and non-technical factors to ensure its success. Also, the framework would help to get

full acknowledgment of reusable assets and ease the reuse decision-making.

1.4 Research Questions

Machine Learning (ML) has widely penetrated every aspect of our lives. ML algorithms
are highly utilized in decision making, recommendation, data analysis, prediction, and much
more. Therefore, ML and intelligent solutions are considered a hot topic nowadays. Accord-
ing to (Dimensions, 2021), the last decade witnessed a significant increase in ML publications.

Nonetheless, the publications concerned ML and software engineering, as shown in Figure



1.2 and Figure 1.3.
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Figure 1.2: Publications Statistics which included ”machine learning” as a keyword from
2011 to 2021

In this study, we are trying to find two software reuse assessment methods using ML.
We structured the research questions to help achieve our research objectives. The research

questions are as the following:

RQ1. What are the ML potential in distinguishing successful and failure software reuse

experiences?

RQ2. Can feature selection algorithms improve the prediction of successful software

reuse experiences?

RQ3. What is the most relevant feature subset that would improve the successful

software reuse experience prediction?

RQ4. How does ensemble learning perform in predicting successful software reuse

experiences?

RQ5. What type of analysis could be used to estimate software artifacts’ reusability?
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Figure 1.3: Publications Statistics which included "machine learning” and ”software engi-

neering” as keywords from 2011 to 2021

RQ6. Can the GQM paradigm be used as a feature selection technique?

RQ7. What are the metrics which can be used to model a software reusability estima-

tor?

RQ8. How can data clustering improve the software reusability estimation?

1.5 Research Objectives

The primary aim of this research is to introduce ML models. These models can be utilized in
the software artifact reuse assessment framework. The utilization would lead to a systematic
reuse assessment. Nevertheless, the proposed models do not look at the technical aspect of
the software asset but also highlight the importance of non-technical factors. Therefore, we
need to investigate the non-technical factors which play a significant role in the software reuse
experiences. In addition to that, find a type of analysis that could help to identify software
artifact reusability.

The previous section listed the question which should be answered as a contribution to

the software reuse literature. These questions have split our objectives into two groups. The
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first group is the objectives related to predicting software reuse experience. These objectives

are the following:
O1. Investigate the current state-of-art related software reuse, ML.
02. Study ML algorithms and feature selection techniques.

03. Determine the most appropriate ML algorithm that could be used as a classifier

for the feature selection technique.

O4. Study the used dataset attributes and extract the subset of the most relevant

attributes, which can improve software reuse experience prediction.
0O5. Test the performance of the proposed prediction model.

Meanwhile, the second group of research objectives is related to the modeling of a software

reusability estimator. These objectives are the following:
06. Explore the state-of-art of estimation model, GQM, and regression algorithms.

O7. Investigate the effectiveness of static metric analysis in estimating software com-

ponents’ reusability.

0O8. Study the used dataset and extract the used features using the GQM paradigm

as a feature selection technique.

09. Investigate the effectiveness of data clustering in estimating software components’

reusability.

1.6 Research Significance

Reusing software assets became a prominent practice during software development. Software
reuse has a positive influence on the project’s budget and productivity. Also, it uplifts the
software reliability since the behavior of the reused component is already known. Neverthe-
less, reuse assets are error-prone since they are tested repeatedly. Moreover, reused assets
can be isolated instantly when any fault occurs.

The primary aim of reusing software assets is to increase software development produc-
tivity. Since software reuse saves the time, effort, and cost needed to develop the required
components. When a software reuse decision is taken, the initial task is to search and assess

appropriate reusable software components. However, this task can be challenging since the



assessment task directly depends on software developers’ experience. The sole dependence
on human knowledge and expertise could increase the failure of finding and assessing soft-
ware components. Therefore, there is a constant demand for assessment models that assess
software components without relying on software developers’ expertise.

The acquisition and adaptation of reusable components help develop and deploy complex
software rapidly with low engineering costs and effort. In the industrial domain, software
reuse positively impacts software development productivity. Also, successful software reuse
enhances the software quality and maintainability. Practitioners can use the proposed mod-
els to measure their software assets’ reusability and assess the success of software reuse of
their projects. Therefore, software reuse promotes effective resource management and im-
proves project execution performance. These benefits are also applied while assessing software
components’ reusability. Also, many pieces of literature have proposed methodologies and
approaches to assess software reusability. However, few of these pieces of literature promote
the introduction and the importance of the reuse assessment framework in the software reuse
cycle.

When assessing a software component, it is essential to establish an assessment framework.
In this study, we propose two assessment models. These models focus on the non-technical
and technical aspects during an assessment. Also, both models utilized ML. The first
model predicts the success of the software reuse experience by assessing the project settings.
Meanwhile, the second model estimates the software components’ reusability by analyzing
the component’s static metrics. The proposed model can be introduced as a part of the

assessment framework.

1.7 Research Setting

According to (Hasselbring and Giesecke, 2006), research methods in the software engineering
discipline can be either quantitative or qualitative. The quantitative study aims to explore
or investigate a specific scenario and evaluate the results. Experiment, survey, case study are
examples of quantitative research methods. Meanwhile, the qualitative study reason the effect
of a particular scenario, such as group discussion or interviews. In addition to that, (Basili,
1993) believes that software engineering pieces of literature fall into two research paradigms.
The first paradigm is the empirical paradigm, while the second is the analytical paradigm.
The researches in the empirical paradigm follow a scientific method. The scientific method

validates a hypothesis by analyzing the observations of experimenting with a proposed model



or theory. On the other hand, the analytical paradigm includes the mathematical method,
which focuses on developing theory and deriving results.

Our study aims to propose two models and evaluate the effectiveness and accuracy of
these models. Therefore, this research is considered quantitative research that follows the
empirical paradigm and the scientific method. Also, the thesis will be organized as follows:
Chapter 2 reviews literature related to software reuse. The literature review focused on the
effect of software reuse, software reuse success and failure factors, software reuse approaches,
ML utilization, and software reusability assessment and estimation. Then, Chapter 3, which
presents research methodologies for the proposed models and how the empirical studies were
conducted. Also, the chapter depicted the used datasets, used algorithms, and defined the
used evaluation criteria. The next chapter, Chapter 4, evaluates the proposed models by
presenting the experimental results and details some threats that compromise the validity
of this study. Moreover, the chapter elaborates a discussion that focuses on answering the
research question. Finally, Chapter 5 summarizes the work done in this thesis and presents

some recommendations and possible future work.

1.8 Summary

This chapter provided an overview of the thesis topic, which focuses on software reuse assess-
ment. Also, it illustrates the background of software reuse and its standpoint in the software
engineering discipline. This chapter also highlighted the importance of the assessment phase
while finding reusable software artifacts. Further, the chapter presents the thesis question,
which this thesis intends to answer to achieve the thesis objectives. Finally, the chapter

summaries the research method and paradigm which will be adopted in this thesis.
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Chapter 2

Literature Review

2.1 Overview

The main objective of this chapter is to review pieces of literature concerned with software
reuse, machine learning, and software reusability estimation. The literature review would help
set a background on recent software reuse publications and identify the direction of this thesis.
The chapter highlights the influence of software reuse on software quality. Furthermore, it
depicts some factors that play a role in the success and failure of software reuse. Moreover,
this review focuses on machine learning utilization in software reuse prediction and reusability

estimation.

2.2 Effect of Software Reuse

Software reuse improves software quality. (Mateen et al., 2017) conducted a survey to find the
impact of the software reuse approaches on software quality attributes. This approach mixes
different software reuse, such as component-based reuse and ad hoc reuse approaches. The
survey focused on the influence of software reuse on the quality of the Software Requirements
Specifications (SRS) and the software design specification. (Mohagheghi and Conradi, 2007)
assessed software reuse effects in the industrial context. The authors reviewed industrial
pieces of literature, which were published between 1995 and 2005. The primary aim of
this study is to evaluate and measure how software reuse influences software development
productivity and the project deliverables quality. Moreover, the authors pursued identifying
the metrics used to evaluate the software reuse approaches and their effect on the projects.
(Mateen et al., 2017), and (Mohagheghi and Conradi, 2007)concluded that software reuse
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increased software productivity and quality. In addition to that, the authors in (Mohagheghi
and Conradi, 2007) believed that the wide variety of software metrics and the absence of
well-defined metrics made the evaluation and comparison of any solution that could solve
software issues more difficult. In general, reviewing the literature is considered an excellent
method to find the effect of any used approach. However, the failure to detect literature
or focus on a particular publication chancel could lead to the failure of reviewing essential
publications. Also, most of the researcher reports the successful experiences and when results
are significant. Furthermore, the work in (Cau, 2016) examined and compared the quality
of a real-time geometric measurement prototype before and after software reuse. The author
used the standard model ISO 25000 to evaluate the prototype quality. The study findings
support that software reuse has increased software quality. Moreover, it showed a marginal
improvement with the prototype defect density after reusing source codes. Also, there was a
significant improvement in the prototype’s functional completeness after software reuse. The
author focused on the software reuse effect on a specific type of software. The effect may
software reuse may differ in other types of software. (Mohagheghi et al., 2004) studied the
impact of reused components on a large-scale telecom system by monitoring the modification
rates. They found that reused components tend to have less defects-density by 51% than
the non-reused components. Furthermore, the study showed that reused components have
lower modification rates than non-reused components. The low modification rate indicated
that reused components are more stable than non-reused components. However, the study
did not consider the functionality and complexity differences between the reused and non-
reused components. Similar work presented in (Imoize et al., 2019) explored the positive
and negative impact of software reuse by reviewing previous works. The exploratory study
concluded that reuse could boost the development process as well as reduce the project
budget. However, a reused component that lacks documentation can be costlier during
maintenance.

Software reuse reduces software development costs. (AL-BADAREEN et al., 2021) stud-
ied software reuse decision-making based on the cost of specific scenarios for software develop-
ment and reuse purposes. Also, the authors depicted the types of software components that
are applicable for reuse. Furthermore, the reuse cost was estimated by analyzing a dataset
with the cost of developing software components for reuse seven purposes. The study showed
that developing a new reusable software component from scratch might cost more than de-
veloping a standard software component. However, reusing an acquired reusable software

asset might reduce the project cost by about 23%. The work in (Kriiger and Berger, 2020)
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compares the cost of two software reuse strategies. These strategies are platform-oriented
and clone and own by interviewing 28 practitioners from a large-scale organization (Axis)
that integrates both reuse strategies. In addition to systematically reviewing 57 pieces of
literature. The objective was to identify the activities and practices adopted when reusing a
software component, the cost of adopting these activities and practices, cost factors that may
influence the reuse strategy. The study compared the data collected for the interviews and
literature. Also, it discussed the variance between the collected data. The authors concluded
a similar result as (AL-BADAREEN et al., 2021) which is that developing reusable compo-
nents is more expensive than developing a single-use software component. Also, in practice,
reuse strategies are adopted in combination to a variant extent rather than adopting a single
reuse strategy. (Patrick, 2020) hypothesized that software reuse cost is directly affected by
the software understandability and indirectly by software complexity. Furthermore, the study
associated problem reports with software complexity and support requests with software un-
derstandability. The author proposed Lexical ANalysis for LAbelling iNquiries (LANLAN)
approach that uses ML and word embedding. The classifier’s training data was extracted
from a Question and Answer (Q&S) forum. The classifier had to distinguish whether the soft-
ware reuse cost was influenced by software understandability or software complexity. Also,
the proposed approach would help explore the relationship between software reuse and re-
ported issues. The proposed classifier performed very well with a ROC curve of about 0.9. In
addition to that, the author mined the dataset’s features and found that half of the support
request instances were initiated for complex software. This finding contradicts the author’s
hypothesis.

Software reuse may introduce some security vulnerabilities. (Gkortzis et al., 2021) in-
vestigated the relationship between software reuse and security vulnerabilities. The authors
conducted multi-case studies which analyzed the effect of reusing source codes in 1244 OSS
projects. The results showed that, in general, large-scale projects are more likely to be
exposed the security threats. However, these threats can be equally associated with reused
source code or native source codes. Also, there is a proportional relationship between security
vulnerabilities and dependencies numbers. Similar work in (Kula et al., 2018) statistically an-
alyzed 4659 projects in GitHub to investigate the regularity of libraries dependencies updates
and their influence on security vulnerabilities. The authors studied the projects’ tracking sys-
tems and libraries updates and interviewed the concerned developers. The analysis findings
showed that although projects relied heavily on libraries dependencies, only 18.5% of these
projects have updated dependencies. In addition to that, the study showed that 69% of the
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interviewed developers were not aware of the security threats of reusing source codes. In
(Ponta et al., 2018), an approach was proposed to exploit and mitigate reachable security
vulnerabilities caused by reusing OSS libraries. The proposed approach combined dynamic
and static assessment, which analyzed the call graph of an application. A call is not consid-
ered high risk if the native source code did not call a vulnerable component. The proposed
approach was evaluated on 500 applications. The evaluation showed that the approach is
viable and effective.

There have been security vulnerability incidents related to software reuse. For instance,
the Heartbleed was announced independently by a Finnish software testing organization
called Codenomicon and Google’s researchers. The incident occurred in 2014 and was caused
by a defect in an OpenSSL extension called Heartbeat. This defect allowed to over-read the
buffer of a heap memory; as a result, external users were able to exploit confidential data
and encryption keys. About 500,000 active web servers were affected. Google, Facebook,

and Amazon servers were among these servers (Harris, 2018).

2.3 Software Reuse Success and Failure Factors

Domain analysis is one of the factors that can lead to successful software reuse. (Poulin,
1999) depicted the impact of successful software reuse experiences and its lesson learned.
Also, the author presented the effect of the domain analysis on software reuse success. The
study found that projects could benefit up to 80% of reusing assets when domain analysis is
performed. The work in (Sierra et al., 2019) performed domain analysis by comparing two
video game engines, Unity and P5, to develop core assets for Software Product Line (SPL)
for hearing rehabilitation video games. The study showed that P5 was a better option to
develop these unique kinds of video games. Moreover, the domain analysis helped to identify
the most appropriate video game engine SPL. The SPL can be reused to build various video
games successfully. Howsoever, domain analysis can help to reuse specific purpose software.

There are different factors than domain analysis that could have a positive impact on soft-
ware reuse. (Lucrédio et al., 2008) surveyed 57 software development organizations to identify
the key factors that influence successful software reuse. The authors concluded that assigning
a dedicated team for reuse development and developing family products play a significant
role in software reuse success. This survey has evaluated the key factors of software reuse
success in the Brazilian software development organization. A geographical factor influence

could affect the survey outcomes. In addition to that, some factors may contribute to soft-
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ware reuse failure. (Frakes and Fox, 1995) surveyed software development practitioners and
researchers from the USA and Europe. They indicated that software reuse might fail in some
domains, such as aerospace. Moreover, the participants believe that developers’ education,
quality of software assets, application domain, economic understanding of reusing software,
and the organization’s development process could affect the systemic software reuse. The
work in (Doublait, 1997) reviewed software reuse practices in a software development com-
pany called Sodalia. This company considers software reuse as a strategic practice that could
help to develop high-quality telecommunications software. The company’s strategic objective
is to lead the software reuse production market in Europe. According to (Doublait, 1997),
lacking management commitment and adhering to systematic software reuse contributes to
the failure of the software reuse experience. Since the management commitment helps al-
locate qualified human reuses and adequate funding to achieve the organization’s strategic
objectives. Furthermore, the wrong assignment of the software reuse team could cause the
failure or limiting the pursued objectives. Missing practical software component assessment

framework plays a role in software reuse failure.

2.4 Software Reuse Approaches

There are two approaches to software reuse. The first approach is the preplanned approach.
The second approach is the pragmatic approach. The preplanned approach considers reusing
during software development. (Gaffney et al., 1992) presented an economic model for pre-
planning software reuse. The authors concluded that designing with reuse consideration is
not cost-effective. As well as, the preplanned artifacts might be feasible for a specific domain.
On the other hand, the pragmatic approach does not consider reuse during software devel-
opment. According to (Walker and Cottrell, 2016), pragmatic reuse is a frequent practice
in development activities and found it as a valuable practice even though many academics
are dismissing it. The survey conducted in (Walker and Cottrell, 2016) showed that software
developers lean towards pragmatic reuse, but they investigated the original system carefully
before attempting to reuse it. The work in (Holmes and Walker, 2012) proposed a model
that uses pragmatic reuse plan to transform the source code from the originating software
and integrated it into the developer’s software semi-automatically. Their proposed model
made pragmatic reuse systematic, less risky, time-efficient, and more disciplined.

Software reuse is not exclusive to source code. (Morisio et al., 2002) conducted structured

interviews with 19 software development companies. The authors concluded that source code,
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design, and requirements were reused in 24 industrial projects. The work in (Pacheco et al.,
2015) proposed a model that utilizes the requirements catalog to reuse these requirements.
The proposed model, Requirements Reuse for Software Requirements Catalog (RRSRC),
has successfully obtained reusable requirements in small-scale software development organi-
zations. However, the model requires further improvement as well as testing in large-scale
development organizations. (Biddle et al., 2002) proposed a web-based tool that supports
reusing essential use cases. They concluded that the reusable source code underlies a reusable
use case.

Software reuse is considered a goal in modern development methodologies. For instance,
in SPLs, (Abbas et al., 2020) proposed an approach that recommended reusing software as-
sets based on customer requirements. The proposed approach links the new requirements
with existed assets in the requirements repository using Natural Language Processing (NLP)
and ML algorithms. The evaluation showed that the proposed approach could match new
requirements with existing assets with about 74% accuracy. In (Ali et al., 2020), The authors
proposed a reuse system. This system was integrated into the DevOps process to manage and
maintain the reuse repository. Also, the proposed system would ease the process of reviewing,
identifying, and retrieving the reusable assets. A controlled experiment was conducted to
evaluate the effectiveness of the proposed system. The results showed that the proposed sys-
tem performed very well but needed further evaluation in more complex situations. (Lahouij
et al., 2020) proposed an approach that helps preserve the reliability of the composite cloud
services. The proposed approach focuses on finding and reusing the appropriate substitu-
tion if any composite service component is unavailable. The authors’ evaluation concluded
that the proposed approach had reconfigured the composite cloud services successfully. The
work in (Alves et al., 2008) proposed a framework that used the vector space model to in-
vestigate the capability of Information Retrieval (IR) in identifying the commonalities in
requirements specifications. The evaluation of the proposed framework was promising. The
authors suggested that using a mining structure may improve the results.

Software reuse strategies may vary between embedded and non-embedded software. (Varnell-
Sarjeant and Andrews, 2015) compared the outcomes of reusing five development approaches
in 43 works of literature. The authors concluded that the outcomes of non-embedded software
were more positive than embedded software. Also, their review showed that reuse in embed-
ded systems could not be extended to non-embedded systems. The work in (Parkhomenko
et al., 2016) investigated software reuse in remote laboratory development. The exploratory

study sums up that reused components in embedded systems are costlier than creating new
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components.

2.5 Machine Learning Utilization

ML was leveraged in various ways in software reuse. (Negi and Tiwari, 2020) assessed the
reusability of open source OO source code using ML. The authors generated a dataset
using Chidamber and Kemerer (CK) metrics from selected source codes. Random Forest
algorithm was trained on CK metrics to assess reusability software components. The experi-
mental results concluded that the Random Forest algorithm has a high potential in assessing
components’ reusability with accuracy reaching about 99% and a correlation coefficient of
about 0.85. Similar work in (Sandhu et al., 2020) predicted software component reusability
by proposing an algorithm that integrates gradient boosting and random forest. The re-
sults conclude that the proposed algorithm outperformed eight supervised ML algorithms by
23%. In (Prakash et al., 2012), data mining was used to evaluate OO software components
for reuse. The experiments showed that data mining could be useful in assessing software
reusability. A novel approach (Deepclone) was proposed by (Hammad et al., 2020). This ap-
proach uses deep learning to facilitate the reuse of code clones from a source code repository.
Deepclone predicts the next required tokens based on what has been written. The evaluation
of the proposed approach showed promising results. (Kaur and Kaushal, 2020) used fuzzy
logic to evaluate the reusability of Aspect-Oriented Systems (AOS) at the package level. The
authors validated the proposed model used by analyzing its predictions. The predictions
analysis showed that the model performed correctly. The work in (Panigrahi et al., 2019)
selected seven ML algorithms to estimate reusability utilizing data, which were extracted
from social media repositories system. The experimental results showed the Convolutional
Neural Network (CNN) and Recurrent Neural Network (RNN) had the highest precision re-
sults. A fuzzy logic approach was proposed in (Manju and Bhatia, 2021), which measures
the reusability of java classes by assessing their static and dynamic metrics. The findings
concluded that the dynamic metric is considered a better reusability prediction factor than
the static metrics. (Mangayarkarasi, 2020) proposed an automated approach that could se-
lect reusable components by analyzing the software design pattern. The author used two ML
algorithms. These algorithms are Decision Tree and Neural Network. The study’s outcome
the proposed approach is effective with an accuracy of about 93%.

In addition to that, reusability estimation models were proposed for all software reuse

approaches. (Wangoo and Singh, 2018) proposed a model (CRePT) that uses K-Nearest
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Neighbour (KNN) to predict the reuse cost and reuse level for Component-Based Software
Development (CBSD). The author evaluated reuse level by the ratio of sizes of total reused
components and the application components. The proposed model did not report any defects.
However, the precision of the model had not been evaluated. The work in (Maggo and
Gupta, 2014) proposed an automated model that assesses and measures the reusability of
OO Software Components. The model uses Large Margin Nearest Neighbor (LMNN) to
identify the correlation between software metrics and reusability. The evaluation of the
proposed model showed that accuracy has reached about 94.2% and an error rate of 5.8%.
In (Singh et al., 2015), an exploratory study was conducted to identify metrics, which could
impact Aspect-Oriented Software Development (AOSD) by utilizing fuzzy logic. The study
identified four primary metrics that could affect reusability. These metrics are coupling, size
and complexity, Separation of Concern (SoC), and cohesion.

Ensemble ML improves the prediction model outcomes. (Zhang et al., 2020) used the
Internet of Things (IoT) and ensemble learning to improve the accuracy of electricity trans-
formers fault detection. The ensemble model evaluation showed a prediction improvement
reached about 99%. The work in (Lahmiri et al., 2020) assesses the performance of five
ensemble ML algorithms in classifying financial data. The experiment results showed that
ensemble learning is effective and reliable in predicting corporate bankruptcy. In (Brunese
et al., 2020), an ensemble learning model was proposed. This model, which utilizes voting,
detects brain cancer. The results showed that the model was able to diagnose brain tumors
with an accuracy of 99%. (Gao et al., 2019) proposed an adaptive voting algorithm to im-
prove the ensemble prediction of four ML classifiers. The authors compared the performance
of the proposed algorithm with the prediction performance in previous works. The results
concluded that the proposed voting algorithm improved the prediction outcomes. The work
in (Feng et al., 2018) studied the effect of proposed bagging-based ensemble learning on clas-
sifying imbalanced datasets. The evaluation showed that there was a significant improvement
in the performance of the proposed algorithms.

Ensemble learning was utilized in the software engineering discipline. (Khuat and Le,
2019) proposed ensemble learning and sampling techniques to predict software faults. The
authors split the dataset into bins; each bin had the same number of minority instances. Also,
voting with majority voting as the combination rule was selected. The voting algorithms
used five ML classifiers. The empirical results showed that ensemble learning improved the
performance of the prediction model. In (Khan, 2020) a hybrid model was proposed to
predict software defects. This model used the Adaboost and bagging algorithms as ensemble
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classifiers. Results concluded that the Adaboost algorithm had outperformed the bagging
algorithms. (Li et al., 2019) proposed a two stages ensemble learning approach to predict
software defects. The first ensemble model was used as a data sampling technique; the second
model was employed as a predictor. The proposed approach’s performance and accuracy
were compared with similar approaches. The comparison results showed that the proposed

approach had outperformed the other approaches by about 45%.

2.6 Software Reusability Assessment and Estimation

Many techniques have been used to assess software reusability. (Pahareeya et al., 2018) ap-
plied five ML algorithms on a public dataset to predict software reuse success. Also, the
authors chose Classification and Regression Tree (CART) as a feature selection technique.
The experimental results showed that ML algorithms had performed very well, especially
after applying feature selection. Meanwhile, the work in (Ampatzoglou et al., 2018) used a
metric-based approach. The authors introduced Reusability Index (REI), which measures
seven quality factors. These factors helped in identifying the metrics used to assess the
reusability frameworks and libraries. Moreover, the authors used the number of downloads
as a reuse metric. Backward linear regression was utilized to aggregate the REI final value.
Similar approach was used in (Kakarontzas et al., 2013) for evaluating white-box reuse in
OO program objects. This approach used linear regression with CK metrics to measure
the java classes’ reusability. The evaluation of proposed reusability assessment models in
(Ampatzoglou et al., 2018), (Kakarontzas et al., 2013) provided an accurate assessment of
the targeted software components. Both models could be used to assess software reuse dur-
ing software development. (Sharma et al., 2009) used Artificial Neural Network (ANN)
to measure software component reusability. The authors chose four metrics to assess soft-
ware reusability. These metrics are portability, interface complexity, customizability, and
understandability. The experimental results showed that the ANN-based model was able
to predict software reusability with acceptable accuracy. However, the proposed model is
applicable only for black-box reuse.

Various software reusability estimation techniques assessed CK metrics. For instance,
(Padhy et al., 2019b) proposed a model that utilizes ANN, Adaptive Genetic Algorithm
(AGA), Extreme learning machines (ELM), Levenberg Marquardt (LM), and CK metrics
to estimate the reusability of Web of Service (WoS) software. The evaluation showed that

the proposed techniques had outperformed other reusability prediction techniques with an
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accuracy of 97.71%. The work in (Shri et al., 2010) used clustering and CK metrics to
predict software reusability. The developed prediction model scored high precision results.
A comparative study in (Zahara et al., 2013) evaluated the software reusability by assessing
CK metrics using four regression algorithms. The experimental results should that a tuned
Instance Based K-Nearest Neighbour (IBK) had the best error rate and correlation coefficient.

Several pieces of literature have tackled software reusability estimation by analyzing soft-
ware metrics other than CK metrics. (Fazal-e Amin and Oxley, 2011) proposed a software
reusability assessment model for SPLs. The authors used GQM approach to extract the input
for the proposed reusability assessment model. The evaluation results showed that the pro-
posed assessment had performed very well. Also, the evaluation summed up that the selected
attributes have a significant impact on software reusability. The work in (Papamichail et al.,
2019a) has estimated software components reusability for java classes and packages using
binning and polynomial regression. The authors collected a dataset that has 28 attributes.
These attributes were grouped into six primary groups. These groups are coupling, cohesion,
documentation, size, complexity, and inheritance. The evaluation of the estimation model

showed that the proposed model had outperformed the estimation model in (Fazal-e Amin
and Oxley, 2011).

2.7 Software Metrics and The GQM Model

Object Oriented Metrics (OOM) are quantitative source code measuring technique. (Desh-
pande et al., 2021) proposed a ML classifier that utilizes seven ML algorithms and OOM
to predict software reliability. The evaluation proposed classifier showed that Random For-
est had scored the best performance results. Also, the work in (Padhy et al., 2019a) used
OOM and proposed an estimation model that measures the complexity of C++ and Python
software projects. The authors analyzed the OOM of forty C++ and Python programs.
The findings showed that Python is more suitable for Object Oriented Programming (OOP),
and it had a better OOM than C++. (Kaur and Sharma, 2019) experimented prediction of
software faults with ANN. Experimental results showed that the proposed ANN model had
scored an accuracy of about 92.5% and performance reached 0.92. (Malhotra and Khanna,
2018) proposed a model that recognizes classes prone to changes by analyzing the OOM and
evolution-based metrics. The authors introduced the collected dataset from two Android
packages changes logs to seven ML models. Also, the experiments evaluated the prediction

of the class change prone in four scenarios. The scenarios evaluated the prediction using
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evolution-based metrics solely, OOM solely, OOM and evolution-based metrics in conjunc-
tion, and the classes’ internal probability of changes. The experimental results showed that
combining OOM and evolution-based metrics had the best prediction results.

Many pieces of literature have proposed GQM models for software quality evaluation.
The work in (Ergasheva et al., 2019) proposed a GQM model that identified the software
metrics that could be used to evaluate adaptive systems quality. The goal of the proposed
model focuses on the success of completing the project and its phases. Also, improve the
development’s processes quality, adapt effective testing methodologies, and improve the ef-
fort assessment process. (Ito et al., 2017) proposed a requirements analysis approach that
combined the GQM model and requirements analysis techniques. The GQM was utilized to
pinpoint current software issues and identify the metrics to solve these issues. The evaluation
of the proposed approach proved the effectiveness of the GQM in identifying the problematic
areas and developing appropriate metrics to resolve these problems. In (Song et al., 2020),
GQM model and ML were used to explore the relationship between source metrics and soft-
ware quality. Also, the authors proposed a quality assessment model based on the extracted
metrics. The proposed model was about 75% accurate.

The software reuse-related incidents showed that these incidents were not only a result
of unnoticed coding problems but also weaknesses in the software development and project
management practices. The works of literature either measured the component’s reusability
or studied the factors of the success or failure of software reuse. Still, they have never been
introduced or proposed as software reuse assessment frameworks that focus on software devel-
opment practices. Machine learning was utilized in various software reuse models; however,
to the best of our knowledge, ensemble learning algorithms were not used in distinguishing
software reuse experiences. Also, we have noticed that ensemble learning is actively used in
software defect prediction. In addition to that, the proposed reusability estimation used ML
algorithms as a feature selection technique; meanwhile, we intend to test the effectiveness of

the GQM model as a feature selection technique.

2.8 Summary

This chapter presented some previous work that is related to software reuse. The review of
the literature helped in our investigation related to the state of the art of software reuse and
how machine learning can be utilized in software reuse experience prediction and estimating

software artifact reusability. In addition to that, we achieved our research objectives O1 and
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Chapter 3

Methods and Procedures

3.1 Overview

The primary objective of this study is to utilize ML algorithms to predict successful software
reuse. Therefore, this study tackles ML utilization in two parts. The first part is predicting
successful software reuse experiences. This prediction focuses on the non-technical elements
that would influence successful software reuse, such as the organization size, employees train-
ing, project settings. Meanwhile, the second part of this study focuses on the technical aspects
of software reusability. In this part, a software reusability estimation model was proposed.

This model assesses the reusability of java classes by analyzing their static metrics.

3.2 Prediction of Software Reuse Experience

It is necessary to evaluate the ML potential in predicting successful software reuse. Also,
eliminate any irrelevant features that might affect the ML model performance. Therefore, this
first part of the study consists of three stages. Figure 3.1 presents the study stages. The first
stage assesses the ML potentials in software reuse experience prediction. The second stage
is extracting the most relevant attribute using feature selection algorithms. The extracted
features would improve the prediction model performance. The final stage is developing the
prediction model, which uses ensemble learning to predict successful software reuse.

Figure 3.2 depicts the proposed models. According to Figure 3.2, the first proposed en-
semble prediction model utilizes the full dataset to predict software reuse experience. In the
second model, features selection technique was introduced to the ensemble prediction model,

as shown in 3.2. The purpose of introducing feature selection to the proposed ensemble pre-
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Figure 3.1: Prediction Model Development Stages

diction model is to extract the most relevant features from the dataset. Since, the redundant
and irrelevant features increase the data dimensionality without adding new information to

the dataset could negatively affect the performance of the prediction model.

3.2.1 Used Dataset

The used data was taken for a public repository (Promise Repository, 2004). This dataset
contains data from 24 projects, constructed by interviewing 19 software development compa-
nies that introduced software reuse in their industrial projects. The interviews were guided
by a questionnaire that was given to the interviewees. Furthermore, the interview questions
focus on collecting information about the companies such as business domain and the number
of staff. Also, information related to the reuse at the organization level includes management
commitment to software reuse and the employees’ training and awareness about software
reuse. In addition to that, reuse processes and assets. The features of predicting software
reuse fall into three main categories. The first category is features related to the development

process, such as the software staff, type of software. The second category is features related
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Figure 3.2: Proposed Ensemble Prediction Models Overview

to the organization, such as the overall staff and application domain. The last category is
features related to the reuse process, such as reuse role, human factors, and reuse introduction
(Morisio et al., 2002).

Table 3.1 presents statistical information about the used dataset. The dataset is classified
into two classes, successful software reuse and failure software reuse. The number of instances
with successful software reuses is 18 instances, about 65% of the dataset instances. Mean-
while, the total number of failure instances is eight, around 35% of the dataset instances.
The reason for selecting this dataset is its uniqueness. This dataset is the only dataset we

could find that considers the key factors which contribute to the success of the software reuse

experience.
Table 3.1: Dataset Statistical Details

Statistical Component Statistical Information
Number of the instances 23

Number of the attributes 24

Number of successful software reuse instances 15

Number of failure reuse instances 8

Percentage of successful software reuse 65.22%
Percentage of failure software reuse 34.78%

Furthermore, the dataset attributes were divided into groups based on the company’s
control over these attributes. These groups are state variables and control variables. Any
attribute that requires weeks to change was considered as a state variable. Table 3.2 presents

the state variables of the used dataset, the value of the attributes, and the attributes’ descrip-
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tion. The software development companies have no control over them. As shown in Table
3.2, the attribute type of software production can be either product-family, which refers
to, related projects or isolated that are unrelated projects. The dataset authors defined a
product-family company that develops software that may evolve with time. Meanwhile, the
product company develops software that shares anything in common. According to (Morisio
et al., 2002), fifteen projects from the 20 projects were developed by product-family compa-
nies have succeeded in reusing software assets. Meanwhile, none of the product companies
have succeeded in reusing software.

Another attribute that is the application domain holds various domains. The dataset
covered 13 application domains. These domains are Air Traffic Control (ATC), bank, book-
keeping, engine_control, Flight Management System (FMS), manufacturing, measurement,
Software Tools (SE-Tools), Space, telecommunication (TLC), Train Simulation (TS), and
Train Traffic Control (TTC). TLC and manufacturing application projects are more likely
to succeed in reusing software (Morisio et al., 2002). Moreover, the attribute type of soft-
ware can be technical, which means control software that is non-embedded, non-real-time
with limited database, or business that is database software non-embedded, non-real-time
database software. Embedded-RT means embedded, real-time software type; meanwhile,
non-embedded-RT describes non-embedded, real-time software, as shown in Table 3.2.

The second attribute group is the control variables, which are influenced the company’s
process of decisions. These variables are divided into high-level control and low-level con-
trol. Table 3.3 presents the control variable, possible attribute values, and the attributes’
description. According to (Morisio et al., 2002), most of the projects that introduced the
high control variables had a successful software reuse experience. Also, projects that have
a loose reuse approach were successful. In addition to that, companies with higher-grained
assets are more likely to succeed in their projects. Projects 51-100 or 100+ assets have a
higher number of successful software reuse experiences.

The low-level control group consists of 10 attributes with different field ranges. Table
3.3 shows that the reuse approach, which describes the coupling of reused assets that can be
either tight or loose. Another attribute that is work products define the reused assets. These
assets can be a combination of Code (C), Requirements (R), or Design (D). The attribute
origin defines whether the reused components were developed from scratch (Ex-novo), reused
as it is (As-is), Reengineered (Reeng). Meanwhile, the high-level control in management
decisions for software reuse. The value of the eight high-level control attributes shown in

Table 3.3 can be either yes or no.
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Table 3.2: Description of Dataset State Variables

Attribute

Attribute Values

Attribute Description

Software staff

S: (Small)

Software development team is small which about 1- 50 team members

M: (Medium)

Software development team is medium which can between 51- 200

team members

L: (Large) Software development team is large and ranges from 201 and more
Overall staff S: (Small) Company’s employee is small which ranges from 1 to 50 employees

M: (Medium)

Hired employees is considered medium which can be between 51
and 200

L: (Large)

Overall staff is large and ranges from 201and 500

X: (Extra-large)

Company’s staff is extra-large which is more the 501 employees

Type of software production

Isolated

There is no commonality between the company’s project

Product Family

There is commonality between the company’s project

Software and product Product The developed software is embedded inside a product
Alone The developed software is a standalone product
Process The developed software embedded inside a process
SP maturity Low The Capability Maturity Model (CMM) level of the software process
is 1 or it is not ISO9001 certified
Middle The CMM level of the software process is 2 or it is ISO9001 certified
High The CMM level of the software process is 3 or more
Application domain TLC Telecommunications
SE-Tools Software tools
Bank Bank application

Engine Controller

Engine controller application

FMS

Fire management application

TS Train simulation application

ATC Air traffic control application

Manufacturing7 Manufacturing application

Measurement, Measurement environment control and management application
Finance Finance application

TTC Train Traffic Application

Space Aerospace application

Book-keeping

Book keeping application

Type of software

Technical The develop software neither embedded nor real-time with limit
or no database
Business The develop software neither embedded nor real-time but database

intensive

Embedded-RT

The developed software is embedded and real-time

Non-Embedded-RT

The develop software is not embedded but real-time

Size of baseline

S: (Small)

The size of reused assets in a projects is less than 10KLOC and take

10 person-months of effort

M: (Medium)

The size of reused assets in a projects is between 10KLOC and 100KLOC

and take effort of 10 to 100 person-months

L: (Large) The size of reused assets in a projects ranges between 100
to 500KLOC and take more than 100 person-months of effort
Development approach 00 Object oriented development approach
Proc Procedural development approach
Staff experience Low The experience of project members is one year or less
Middle The experience of project members between 2 and 4 years
High The experience of project members is more than five years
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Table 3.3: Description of Dataset Control Variables

Control Level | Attribute Attribute Values | Attribute Description
High Top management commitment | yes Whether the top management are committed to adopt
software reuse as a prominent practice
no The reuse initiative came from the middle management
or the individuals
Key reuse roles introduced yes Indicator whether any reuse role was given to a project
team member
no
Reuse processes introduced yes At least one software reuse process was introduced
no
Non-reuse processes modified | yes The development process which are not related
no to reuse were modified
Repository yes Whether the software assets is established are assets
no are stored in repository
Human factors yes Whether the staff were aware and trained about
no software reuse
Low Reuse approach Tight Reusable product the tightly coupled cannot be isolated
Loose Reusable product the loosely coupled can be isolated
Work products D+C Type of the reusable assets Design D, Requirement R,
C Code C
R+D+C
Domain analysis yes Whether is the baseline of the product was established
no by domain analysis or not
Origin €X-10VO Software assets were developed from scratch
as-is Software assets were reused as it is
reeng Software assets were reengineered from existing product
Independent team yes Indicator that there is a dedicated reuse team with
no the project to develop the reusable assets
When assets developed before The reusable assets were developed before the project’s
need
Just in time The reusable assets were developed during the project
Qualification yes There is a quality process that defined the reusable
no assets
Configuration management yes The reusable assets are maintained by a configuration
no managements
Rewards policy yes The existence of a reward policy that promotes
no software reuse
# Assets 1-20
21 - 50 Total number of the reusable assets which are stored
51 - 100 in the repository
100+

3.2.2 Machine Learning Algorithms

ML algorithms were leveraged in all prediction model stages, as shown in Figure 3.1. The

following subsections describe the algorithms used in each stage.
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3.2.2.1 Machine Leaning Assessment

In this stage, six ML algorithms were used on the chosen dataset. These algorithms are:

Nuaive Bayes (NB): NB is a classification algorithm based on Bayes Theorem. The algo-
rithm assumes that features occurrences are independent of each other. This algorithm
is simple and relatively fast in real-time and optimal for text classification (Murphy
and others, 2006).

ANN: ANN classification uses a Multilayer Perceptron (MLP) classifier, multilayer
feed-forward neural network learning. The neural network consists of an input layer,
one or more hidden layers, and an output layer. The learning process starts with the
input layer and ends with the output layer. Dataset attributes are weighted and fed

simultaneously from a layer to the next layer (kumar and Sahoo, 2012).

K-Star: K-star is an instance-based learner, which classifies the instances according to
similarity. The closest the instances, the more similar they are. The algorithms use

entropy to measure the distance between the cases (Painuli et al., 2014).

Hoeffding Tree (HT): HT constructs an incremental decision tree that splits attributes
mathematically using the Hoeffding bound. Hoeffding bound attains prescribed con-
fidence level by running a certain number of instances. This algorithm can handle

massive data learning very well (Ghogare, 2019).

Support Vector Machine (SVM): SVM uses Sequential Minimal Optimization (SMO)
algorithm, which transfers all nominal attributes and null values into binary ones. Then,
the algorithms try to identify a margin that divides the data into different classes (Luts
et al., 2010).

KNN: KNN is a simple instance-based learning classifier. The algorithm calculates the
distance between the test set and the training sets. Then, the test set gathers with the

nearest neighbour to create a class (Cover and Hart, 1967).

3.2.2.2 Feature Selection

An optimal subset of valuable attributes helps in improving the performance and the results

of any ML model. Feature selection is a technique that chooses a subset of the most ef-
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fective attributes from the original dataset. This subset can increase the efficiency and the
effectiveness of the prediction model. Also, it prevents data overfitting.

There are two main methods for selecting features. The first method, which is the wrapper
method, evaluates the dataset’s features by inducing them to an algorithm. The algorithm’s
role is to assess the features and produce a subset of valuable features (Kohavi and John,
1997). Meanwhile, the second method that is the filter method, does not require an induction
algorithm. It depends on the general characteristics of the training set to extract the relevant
features (Langley, 1994). In this stage, three filter method algorithms were tested. These
algorithms are the Classifier Attribute Evaluation, Correlation Attribute Evaluation, and
InfoGrain Subset Evaluation. Also, three wrapper method algorithms were evaluated, which

are Wrapper Subset Evaluation, Classifier Subset Evaluation, and CfsSubset Evaluation.

3.2.2.3 Prediction Model Establishment

Ensemble learning is a ML methodology that combines multiple learning classifiers. The
primary purpose of combining ML classifiers is to eliminate the errors and risks when using
a single classifier (Sagi and Rokach, 2018). Moreover, ensemble learning improves the perfor-
mance of the prediction by counterbalance the weakness of a single classifier. Furthermore,
the volume of the dataset may cause problems while training the classifier. For instance, it is
impractical to introduce a single classifier on a large dataset. Therefore, the optimal solution
is to divide the dataset into subsets where each subset is used to train multiple classifiers.
Also, ensemble learning may resolve problems that are caused when using a small dataset
(Polikar, 2006). In this work, three ensemble algorithms were used to improve the prediction
models’ performance. These algorithms are Stacking, Bagging, and Voting. The selected

ensemble algorithms are described as following:

e Stacking: is a type of ensemble learning that combines multiple classification algo-
rithms. Basically, the learning process of stacking learning consists of two stages. The
first stage combines different ML classifiers P={P; (s,f),i=1,...,I}, which are called
base classifiers. Each base classifier utilizes the training set f. The second stage is the
meta-learning stage, where a single ML classifier M uses the outputs on the base clas-
sifiers as an input to generate the ensemble learning final outcome (Sagi and Rokach,

2018), as shown in Figure 3.3a. Therefore:

Jstack(s) = M(s, P) (3.1)
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where jstack (S) is the final stacking prediction of the input s. In this study, six super-
vised ML classifiers were chosen for the first stage of the stacking. These classifiers
are HT, Random Forest, NB, Stochastic Gradient Descent (SGD), J48, and Multilayer
Perceptron (MLP). Also, three ML algorithms were used as meta-learners in the second
stage of the stacking. These algorithms are SGD, SMO, MLP.

Bagging: this type of ensemble algorithms uses a single ML classifier. However, it
generates different replicates from the classifier. These replicates use different subsets of
instances from the dataset (Breiman, 1996). Bagging algorithms improve the prediction
outcome by reducing the classifier variance and the mean square error, which will create
a more stable classifier (Bithlmann and Yu, 2002). The predictor P(s,f) that utilizes
the training set of f{(j1,- - ,jm,Sn), m= 1,...,M, n=1,... N} and input j to predict the
value j can predict a better results if replicates of the predictor were trained on different
subsets of the training set f {fx C f, k=1,... K }, Therefore:

Jiag(5) = axginax(P(s, /) (32)
where jpag(s) is the maximum aggregated prediction, K is the number of training sub-
sets. The bagging algorithm’s final result is generated by plurality voting (Biithlmann
and Yu, 2002), shown in Figure 3.3b. In the bagging experiments, three ML algorithms
were used as base classifiers. These algorithms are SGD, SMO, and MLP.

Voting: the vote combiner utilizes different robust ML classifiers on the same dataset f.
The predictions’ results are combined using a voting rule to obtain the final outcome,
as shown in Figure 3.3c. Voting can provide a better output than using a single ML
classifier. Therefore, it improves the prediction model reliability (Parhami, 1994). In
this study, six ML classifiers were combined using voting ensemble learning to predict
successful software reuse experience. These classifiers are Hoeffding Tree, Random For-
est, NB, SGD, J48, and MLP. Moreover, the voting learning experiment was repeated
five times for each combination rules. The selected combination rules are as following
(Kittler et al., 1996):

— Average of Probabilities (AP): this voting rule calculates the mean value of each
predicted class. The final predict would the class that has the maximum mean

value such that

S

jap(s) = max 3" Pu(slf)/m (3.3)
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— Product of Probabilities (PP): the final class is class that has the maximum prod-
uct value of among the products values of predicted classes. Therefore final clas-

sification is computed by the following formula:

H (3.4)

— Majority Voting (MV): when assigning the final class using the MV the class the

QJN

Jjpp(s m

has the highest votes is considered the final results. Therefore,

Juv (s )—maka( /) (3.5)

— MINimum Probability (MinP): in this combination rule, the minimum posterior
probabilities of each class computed. Then, the final classification is the maximum

value among these minimum values

K M
Juinp(s) = maxmin Py (s| f) (3.6)

— MAXimum Probability (MaxP): this combination rule assign the final classifica-
tion to the maximum value among the maximum posterior probabilities for each

individual. Therefore, the final prediction is calculated by the following equation:

Jtap(s) = maxmax P (s[f) (3.7)

Where k is the number of voting classifiers, m number of predictions of each classifier,

P is the posterior probabilities of the classifier, and s is the true class of the features f.

_________________________________

[crassifier 1] [ Classiffer2 | [ crassifier3 | - [ Crassifiern | N/
-
Predicted Value Predicted Value Predicted Value

(a) Stacking (b) Bagging () Voting

Figure 3.3: Ensemble Learning Algorithms
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3.2.3 Evaluation Criteria

There are various statistical metrics to assess the performance of machine learning models.
Also, evaluation criteria help to select the most appropriate machine learning algorithm for
the chosen dataset. Thirteen evaluation metrics were selected to evaluate the chosen ML

algorithms. These metrics are the following:

e Time Taken to Build the Model:
This evaluation criterion presents the execution time required to build the model and
classify the dataset instances (Alabdulwahab and Moon, 2020). The time taken to
build the model is valuable when assessing the model’s effectiveness (Ozdemir et al.,
2019).

e Correctly Classified Instances (CCI) and Incorrectly Classified Instances (ICI):
These criteria present the number of instances that the machine learning classifier has

classified correctly and incorrectly.

e True Positive Rate (TPR):
TPR also referred to as recall or sensitivity, is one of the evaluation criteria derived from
the confusion matrix. TPR is the ratio of the number of correctly classified instances
and the instance of actual positive instances (Sammut and Webb, 2011). TPR can be

calculated using the following formula

TPR = TP/(TP + FN) (3.8)

where TP is the number of true positive instances, FN the number of false negative

instances.

e False Positive Rate (FPR):
False Positive Rate (FPR) is the rate at which the classifier has incorrectly classified
the instances as false positives. The FPR value is the fraction of the number of false

positive instances by the number of actual negative instances (Sammut and Webb,
2011). The FPR is evaluated as the following

FPR = FP/(FP+TN) (3.9)
where FP is the number of false positive instances, TN the number of true negative
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mstances.

Precision:
This criterion presents the ratio between the true positive instances and positive clas-
sified instances (Sammut and Webb, 2011). The following formula can derive the pre-

cision value
Precision =TP/(TP + FP) (3.10)

where TP is the number of true positive instances, and FP is the total number of false

positives instances.

Kappa-statistics (KS):
KS is statistical measure the degree agreement of categorizing items in a dataset. The

following equation is used to calculate KS:
KS=0(A)-C(A)/(1-C(A)) (3.11)

where O(A) is the observed agreement, C(A) is the agreement by chance. The value of
KS is between 0 and 1, the higher KS value the better the classifier is preforming.

Mean Absolute Error (MAE):

MAE is an evaluation metric that measures the error of predicting the overall instances
in the dataset (Sammut and Webb, 2011). This error rate can be derived from the
following formula

MAE =" |y; — x| /n (3.12)
1=1

where y; is the real target value of an instance, x; is the predicted value of an instance,

n is the total number of dataset instances.

Root Mean Square Error (RMSE):

RMSE is a quadratic mean that measures the difference between predicted and observed
data. There is an inverse relationship between the RMSE and the model’s accuracy. A
low value of RMSE indicated high accuracy. The following formula can estimate the

following error

m

RMSE =, | > ('P, - P)/m (3.13)

i=1
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where ‘P; the predicted values, P; is the observed values, and m is the number of ob-

servations.

Relative Absolute Error (RAE):
RAE normalizes the total absolute error by dividing it by the total absolute error of
the trivial model. The following equation obtains RAE

RAE =Y"|P,~'P|/ Y|P~ (P) (3.14)
=1 =1

where P; is the predicted value, 'P; is the target value, P; is the mean of P;, m is the

number of instances, and i = 1 through m.

Root Relative Squared Error (RRSE):
RRSE is the square root of the total of the relative error divided by the total relative

error of the naive model. RRSE is calculated using the following equation

RRSE = | Y (Pi—'Pi)?/ Y (Pi— Pi)? (3.15)
i=1 i=1
where Pi is the predicted value, 'Pi is the target value, Pi is the mean of Pi, m is the

number of instances, and i = {1,2,3,....,m}.

F-measure:

The f-measure helps in assessing the performance of the prediction model. F-measure
creates a harmonic mean that combines the values of the recall and precision. This
combined value is used to judge whether the prediction model has a good performance

or not (Sammut and Webb, 2011). The following formula calculates the f-measure value

2(Precision x Recall)

1
(Precision + Recall) (3.16)

f — measure =

Receiver Operating Characteristic (ROC) area
The ROC area value shows the tradeoff between the sensitivity and FPR. It represents
the threshold value, which the classifier distinguishes, the positive from negative clas-

sification. ROC area is useful to identify how to minimize the error rates. Also, it is
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helpful to compare the performance between multiple classifiers (Sammut and Webb,
2011).

e Accuracy
Accuracy is the percentage in which the algorithm classified the dataset into the correct

categorical labels. Accuracy is calculate using the following formula

Accuracy = (TS+TF)/(TS+ FS+TF + FF) (3.17)

where TS is true success reuse, TF is true failure reuse, FS is false success reuse and

FF is false failure reuse.

3.3 Software Reusability Estimation Model

The subsection depicts in detail used dataset and the workflow of the proposed model for

estimating java classes reusability.

3.3.1 Used Dataset

The used dataset was collected by (Papamichail et al., 2019b). This dataset was generated
by analyzing the most popular project in the Maven Repository. The dataset consists of
static metrics of java classes and packages in addition to the reuse rate of these components.
However, this study will focus on the reusability of java classes only. Therefore, the packages’
dataset will be neglected. The primary aim of this study is to explore the correlation between
the classes’ static metrics and their reuse rate. Also, study the effect of data clustering on
the reusability estimation. Table 3.4 presents the attributes of the used dataset. According
to dataset has 28 attributes. All these attributes are numeric. The attribute reuse rate is
the primary attribute, which the proposed estimation reusability model will based on. Also,
the dataset attributes were classified into six properties. These properties are complexity,
size, cohesion, inheritance, coupling, and documentation. Moreover, the dataset has 24794

instances.

3.3.2 Used Evaluation Criteria

In this part, we have utilized machine learning algorithms. Therefore, it is required to use

some statistical evaluation criteria to evaluate the performance of the used machine learning
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Table 3.4: Attributes of The Dataset Used in Java Classes’ Reusability Estimation

Property Attribute Name and Description Attribute Data Type
Size TLOC: total number of line of codes Numeric
TLLOC: total number of logical lines Numeric
LOC: number of line codes Numeric
LLOC: number of logical lines Numeric
NG: number of getters Numeric
TNA: number of attributes Numeric
TNG: total number of getters Numeric
TNM: number of methods Numeric
TNOS: number of statements Numeric
TNPM: number of public methods Numeric
Cohesion LCOMS5: lack of cohesion in methods Numeric
Documentation AD: documentation of the API Numeric
CD: the density of comments Numeric
TCD: the total of comments density Numeric
CLOC: number of comments lines Numeric
TCLOC: total number of comments lines | Numeric
DLOC: number of documentation lines Numeric
PDA: total lines of documentation Numeric
Coupling CBO: coupling between the classes object | Numeric
CBOI: inverse coupling between the | Numeric
classes object
NII: number of incoming invocations Numeric
NOI: number of outgoing invocations Numeric
RFC: response set for class Numeric
Inheritance DIT: the inheritance tree depth Numeric
Complexity NL: maximum level of nesting Numeric
NLE: maximum level of else- if nesting Numeric
WMC: weighted methods for each class Numeric
Reuse Information | Reuse rate: extent which the developers | Numeric

select the component for reuse
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algorithms. The performance of the clustering algorithm was assessed using the Sum of
Squared Error (SSE). SSE presents the summation of the squared distance between the
observation and the cluster centroid (Liu, 2011). SSE can be obtained according to the
following formula:
b
SSE=Y ") (j— Ry’ (3.18)
s=1 jeCs
where b is the number of desired clusters, Cy is the cluster, R; is the centroid of the cluster
Cs and j is the observed data point.
Meanwhile, the Support Vector Regression (SVR) performance was evaluated using the

three evaluation criteria. These criteria are the following:

e RMSE:
Advantages of the mean absolute error MAE over the root mean square error RMSE in
assessing average model performance. However, the RMSE measures the square root
of the squared difference total between the predicted and actual values (Willmott and
Matsuura, 2005). The following formula calculates the RMSE
J

—1/2
RMSE = [Z@s - %)2/]] (3.19)

s=1

where y, is the actual value, y’y is the predicted value, and j is the size of the sample.

e Pearson Correlation Coefficient (PCC):

This coefficient measures the linear correlation between pair variables of the same size.
The value of the PCC could vary between -1 and 1. The sign of the PCC represents
the direction of the correlation. Negative PCC indicates a negative correlation, while
the positive indicates a positive correlation. However, the PCC value describes the
correlation strength. The closer the PCC value to 1 or -1, the stronger the correlation.
Meanwhile, the correlation gets weaker when the PCC value is closer to 0 (Benesty
et al., 2008),(Pearson, 1896).

3.3.3 Reusability Estimation Modeling

This section discusses the design of the proposed reusability estimation model. This model
has two fundamental elements which are the static metrics and reuse rate. Also, the model

consists of four steps. These steps are feature selection, clusters generation, reusability score
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generation, reusability estimation model construction, as shown in Figure 3.4. The following

subsection presents the details of each step.

Feature Selection

l

Clusters Generation

|

Reusability Score Generation

Final Reusability Score Aggregation

Figure 3.4: Model Design Flow Chart

3.3.3.1 Feature Selection

In this study, we selected the software metrics using the GQM paradigm. Figure 3.5 presents
our GQM model when determining the metrics. The goal was the assess the reusability of
java classes by analyzing the classes’ static metrics. These questions focus on the components’
variability, size, dependability, and complexity, as shown in Figure 3.5. A similar model was
used in (Fazal-e Amin and Oxley, 2011); however, we could not use the same model due
to the difference in the dataset attributes. Software component documentation influences
its reusability. Well-structured and clear documentation helps the software developers while
analyzing and understanding the software component. As a result, proper component doc-
umentation could increase its reusability. Also, a high cohesive class indicates that it has
good modularity. Hence cohesive promotes simplicity; therefore, it has a positive impact on
the class reusability. Meanwhile, high coupling enables class complexity which has a negative

influence on the components’ reusability. As a result, complex classes are more likely to
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be non-reusable (MohanGoel and Kumar Bhatia, 2012). Furthermore, software components
with a deep inheritance tree are more complicated since the high involvement of methods and
classes. However, a high Depth of Inheritance Tree (DIT) produces more reusable software

components (Manoj and Nandakumar, 2016).

Goal: Measure java classes reusability from the viewpoint of the software developer.
Question: How cohesive are the class elements?
Metrics: LCOMS
Question: How complex is the java class?
Metric: NL, WMC
Question: Is the component tightly or loosely coupled?
Metric: CBO
Question: Is the class well documented?
Metrics: TCLOC
Question: How independent is the class?
Metric: DIT
Question: What is the size of the class?
Metric: TLOC, TNOS
Question: What is the variability of the class?
Metric: TNM, TNA, TNPM

Question: To what extent the class is imported?
Metric: Reuse Rate

Figure 3.5: Selected Features Using GQM Model

3.3.3.2 Clusters Generation

The selected dataset consists of independent attributes. Therefore, an exploratory data
analysis helps to understand how these attributes and instances are related. The primary
aim of the exploratory data analysis is to identify how reuse rate is related to the remaining
dataset’s attributes. Furthermore, the dataset has a wide range of reuse rates that are
between 0 and 3964. Table 3.5 depicts a statistical summary of the reuse rates. According to
Table 3.5, about 72% of the dataset instances have a zero-reuse rate. Meanwhile, the number
of instances with the highest reuse rate is 1, about 0.36% of the dataset.

Moreover, there are similarities between static metrics regardless the reuse rates are high
or low. Table 3.6 illustrates the static metrics of two instances, one with 0 reuse rate while
the other instance has the highest reuse rate of 3964. The two instances almost have similar

static metrics. However, their reuse rate is different. Therefore, the is a need to group the
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Table 3.5: Reuse Rate Statistical Information

Reuse Rate Interval Number of instances Percentage
0 17932 72.320%
[1,10) 5468 22.054%
[10,20) 546 2.202%
[20,30) 223 0.899%
[30,40) 145 0.585%
[40,50) 92 0.371%
[50,60) 60 0.242%
[60,70) 46 0.186%
[70,80) 37 0.149%
[80,90) 29 0.117%
[90,100) 21 0.085%
[100,1000) 186 0.750%
[1000,2000) 8 0.032%
>=2000 1 0.004%

dataset instances based on reuse rate to avoid the effect of similarity between the static
metrics and the gap between the reuse rates while generating the reusability scores.

Data clustering was utilized to recognize the similarity patterns among the dataset in-
stances. Also, data clustering would help to prevent any negative interference of unrelated
instances. In this study, density-based clustering algorithm was used. Many clustering al-
gorithms assume that a particular type of probability distribution was used to generate the
data. As a result, these algorithms produce spherical shape clusters. Also, density-based
clustering can identify and eliminate outliers and noises (Aggarwal and Reddy, 2013).

The used dataset was clustered using the WEKA Python. The algorithm was set to act
on the reuse rate. The algorithm generated ten clusters with a SSE of 0.0433. Table 3.7
presents the dataset clusters and the number of instances their percentage. Cluster 1 has
about 86% of the dataset instances; Cluster 1 has a high number of dataset instances since
most of these instances have a reuse rate value of zero. As aforementioned, about 72% of the
dataset instances hold a zero reuse rate shown in Table 3.5. Meanwhile, Cluster 5 has only
one instance, as shown in Table 3.7. Therefore, Cluster 2 and Cluster 5 were merged into

one cluster while establishing the reuse score since cluster 5 has one instance.
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Table 3.6: Comparison of Two Dataset Instances

Metric Metric Value Metric Value
LCOM5 1 1
NL 3 3
WMC 62 68
CBO 9 5
TCLOC 104 93
DIT 0 1
TLOC 372 343
TNA 26 11
TNM 23 43
TNOS 129 132
TNPM 3 36
Reuse Rate 3964 0
Table 3.7: Dataset Instances Distributed Among Clusters
Cluster # Number of Instances Percentage
1 21244 85.682%
2 12 0.048%
3 278 1.121%
4 51 0.205%
5 1 0.004%
6 141 0.056%
7 2497 10.070%
8 532 2.145%
9 15 0.060%
10 23 0.092%

3.3.3.3 Reusability Score Generation

The second step is to translate the metric values of each cluster into a reuse score. The
estimation of the reuse score is based on the distribution reuse rate over the full range of the
static metrics. The following steps were applied for each metric in a cluster to generate the

reuse score.
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First, we assigned a reuse score which is the sum of the reuse rate of the java classes.
Figure 3.6 depicts the reuse score of the LCOMb metric in cluster 8. According to Figure
3.6, LCOMS5 of value 1 has the highest reuse score while LCOMS5 of 21 has a reuse score
of 5. Theoretically, low LCOMSJ5 indicates good cohesion, which promotes the component’s
reusability. Figure 3.6 showed that low LCOMS5 values have higher reuse scores, which aligns
with the theoretical interpretation of LCOMS5. However, the reason that LCOMS5 with 0

value has a lower reusability score is due to the number of dataset instances.
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Figure 3.6: Reusability Score Distribution of LCOMSb5 in Cluster 8

Then, we rescaled the reuse scores after assigning the reuse score for the metric by min-
max normalization. The vales of the normalized reuse scores all fall within the interval [0,1].
The normalization would unify the value of the reuse scores for all metrics of all clusters.

The normalized reuse score was calculated using the following equation

(RS — RSyin)
(RSmam - Rszn)

NRS = (3.20)

where RS is the reuse score, RS,;, is the minimum reuse score, RS,,.x is the maximum reuse
score.

Lastly, SVR was applied to the obtained dataset with the static metric value and the reuse
score. The SVR utilizes the SVM to generalize the optimal tube shape training instances
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with the best continuous values outputs while reducing the model’s error rates and complexity
(Awad and Khanna, 2015). Tables 3.8-3.10 presents regression results of all static metrics in
all generated clusters. Overall, error rates of the regression models are very minimal Cluster
9 scores the highest error rates where MAE rates vary from 0.195 to 0.104 and RMSE rates
from 0.146 to 0.295. Meanwhile, Cluster 1 had the best error rates. Also, the PCC results
show a wide range of correlations. The grey cells present the metrics with low correlation
with reuse scores. Furthermore, DIT and reuse scores had high correlations in all clusters,
as shown in Tables 3.8-3.10.

Table 3.8: SVR Results of Cluster 1, Cluster 2 & 5, and Cluster 3

Cluster 1 Cluster 2 & Cluster 5 Cluster 3
MAE | RMSE | PCC MAE | RMSE | PCC MAE | RMSE | PCC
LCOMS5 | 0.043 | 0.140 | 0.79 0.219 | 0.313 | 0.56 0.044 | 0.141 | 0.62
NL 0.046 | 0.087 | 0.98 0.244 | 0.324 | 0.61 0.044 | 0.051 | 1.00
WMC 0.038 | 0.092 | 0.90 0.127 | 0.238 | 0.67 0.095 | 0.143 | 0.62
CBO 0.040 | 0.087 | 0.95 0.264 | 0.424 | 0.36 0.087 | 0.147 | 0.80
TCLOC | 0.021 | 0.077 | 0.82 0.120 | 0.237 | 0.37 0.122 | 0.177 | 0.44
DIT 0.049 | 0.057 | 0.99 0.138 | 0.270 | 0.94 0.090 | 0.189 | 0.90
TLOC |0.038 |0.079 | 0.89 0.121 | 0.253 | 0.01 0.078 | 0.129 | 0.42
TNA 0.039 | 0.090 | 0.93 0.182 | 0.249 | 0.82 0.050 | 0.102 | 0.81
TNM 0.034 | 0.092 | 0.87 0.131 | 0.248 | 0.29 0.082 | 0.148 | 0.59
TNOS 0.024 | 0.070 | 0.90 0.118 | 0.228 | 0.74 0.076 | 0.127 | 0.56
TNPM | 0.035 |0.101 | 0.88 0.122 | 0.265 | 0.09 0.079 | 0.131 | 0.71

Metric

3.3.3.4 Final Reusability Score Aggregation

The final process of the proposed reuse estimation model is to compute the java classes reuse
score by aggregating the reuse score obtained by the previous steps. We chose to calculate
the final score is using the weighted average. The reason for selecting the weighted average
rather than the arithmetic average is that the static metrics have a different influence on the
java class reusability. Therefore, we incorporated the PCC as the weight to ensure that the

static metrics’ influence on reusability was considered. The Final Reuse Score (FRS) of the
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Table 3.9: SVR Results of Cluster 4,6,7

Metric Cluster 4 Cluster 6 Cluste 7

MAE | RMSE | PCC MAE | RMSE | PCC MAE | RMSE | PCC
LCOMS5 | 0.091 | 0.221 | 0.50 0.072 | 0.169 | 0.81 0.045 | 0.138 | 0.81
NL 0.093 | 0.144 | 0.95 0.062 | 0.091 | 0.98 0.051 | 0.109 | 0.96
WMC 0.109 | 0.188 | 0.60 0.097 | 0.172 | 0.66 0.039 | 0.091 | 0.89
CBO 0.159 | 0.262 | 0.35 0.090 | 0.134 | 0.90 0.034 | 0.090 | 0.92
TCLOC | 0.111 | 0.188 | 0.02 0.106 | 0.171 | 0.72 0.049 | 0.086 | 0.80
DIT 0.120 | 0.220 | 0.93 0.101 | 0.222 | 0.91 0.058 | 0.112 | 0.97
TLOC |0.118 |0.194 | 0.11 0.130 | 0.189 | 0.51 0.021 | 0.057 | 0.80
TNA 0.146 | 0.224 | 0.61 0.073 | 0.132 | 0.78 0.047 | 0.115 | 0.91
TNM 0.126 | 0.201 | 0.21 0.098 | 0.144 | 0.57 0.032 | 0.075 | 0.88
TNOS 0.114 | 0.173 | 0.15 0.058 | 0.108 | 0.65 0.024 | 0.071 | 0.83
TNPM | 0.153 | 0.238 | 0.09 0.115 | 0.162 | 0.58 0.034 | 0.085 | 0.90

Table 3.10: SVR Results of Cluster 8-10

Metric Cluster 8 Cluster 9 Cluster10

MAE | RMSE | PCC MAE | RMSE | PCC MAE | RMSE | PCC
LCOM5 | 0.048 | 0.143 | 0.85 0.193 | 0.250 | 0.72 0.122 | 0.257 | 0.53
NL 0.037 | 0.048 | 0.99 0.195 | 0.246 | 0.82 0.113 | 0.181 | 0.92
WMC 0.053 | 0.101 | 0.79 0.189 | 0.266 | 0.56 0.133 | 0.249 | 0.32
CBO 0.066 | 0.136 | 0.89 0.122 | 0.193 | 0.72 0.158 | 0.223 | 0.63
TCLOC | 0.083 | 0.133 | 0.51 0.141 | 0.192 | 0.80 0.132 | 0.250 | 0.36
DIT 0.092 | 0.178 | 0.92 0.116 | 0.146 | 0.97 0.142 | 0.201 | 0.97
TLOC ]0.044 | 0.082 | 0.59 0.175 | 0.259 | 0.45 0.109 | 0.199 | 0.24
TNA 0.069 | 0.175 | 0.77 0.145 | 0.220 | 0.74 0.110 | 0.218 | 0.54
TNM 0.071 | 0.115 | 0.86 0.104 | 0.198 | 0.77 0.106 | 0.198 | 0.19
TNOS 0.054 | 0.117 | 0.67 0.111 | 0.200 | 0.74 0.111 | 0.194 | 0.25
TNPM | 0.079 | 0.129 | 0.85 0.125 | 0.214 | 0.69 0.145 | 0.281 | 0.28

java class is calculated using the following formula
J J
FRS = Z(w(s) * ReuseScoremetric(s))/ Zw(s) (3.21)

s=1
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where j is the number of the static metrics, w(s) is the obtained cluster’s PCC between the

reuse score and the static metric.

3.4 Summary

This chapter presents the study methodology and the stages of the proposed model that would
predict the software reuse experience. Three primary stages are machine learning assessment,
feature selection, and prediction model establishment. The first stage assesses the machine
learning potentials in recognizing successful software reuse experience. Meanwhile, the second
stage extracts the most relevant features in the dataset. The final stage establishes prediction
in the light of the findings of the aforementioned stages. Also, we demonstrate the proposed
prediction model. In addition to that, the chapter illustrated the used dataset and described
the dataset’s attributes. The dataset attributes fall into categories which are state variables
and control variables. Also, control variables may have a high or low influence on the software
reuse experience. Finally, the chapter outlined the statistical evaluation criteria that were
used to evaluate the performance of machine learning algorithms.

The second part of this chapter outlined the flowchart of the reusability estimation mod-
eling. Also, it presented the GQM paradigm and how it was utilized as a feature selection
technique. Moreover, the chapter showed how data clustering and regression were used the
compute the static metrics’ reusability scores which were aggregated to find the java classes’

reusability score.
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Chapter 4

Empirical Results and Discussion

4.1 Overview

This chapter aims to analyze the experimental results and presents whether the study’s
objectives are fulfilled. Also, evaluation assesses the effectiveness of the proposed models. In
this study, we have hypothesized that machine learning has the potentials and the ability to
predict successful software reuse experiences. Also, we assumed the feature selection could
improve the performance of the proposed model. In addition to that, we introduced the used
dataset to ensemble learning in an attempt to overcome some of the dataset weaknesses.

Furthermore, we stated that static metric analysis could be used to estimate java classes’
reusability. Also, GQM model can effectively be used as a feature selection technique to
identify the most relevant static metrics when assessing software components’ reusability. In
addition to that, we hypothesized the data clustering could improve the reusability estima-
tion.

This chapter will present the experimental results of machine learning evaluation criteria
and analyze these results. Also, the chapter evaluates the proposed estimation model by
analyzing the static metrics reusability scores and comparing the proposed model with the

estimation model presented in (Papamichail et al., 2019a).

4.2 Prediction of Software Reuse Experience Experi-

mental Results

This section presents the experimental results of establishing the proposed software reuse

prediction model. The following subsections illustrates assessing machine learning algorithms,
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selecting feature selection algorithm, and establishing the ensemble learning model.

4.2.1 Machine Learning Assessment

In ML assessment, all experiments were conducted in WEKA 3.8.5 (Waikato, 2020). WEKA
is a workbench that provides various ML algorithms and data mining. The experiments
used ten folds cross-validation for performance evaluation. The experiment was performed
on 23 instances. One instance (Project X) was excluded from the dataset since most of its
attributes hold null values. Also, the instance was never used in the dataset analysis (Morisio
et al., 2002).

Overall, the six algorithms have very close results. According to Table 4.1, NB, ANN,
HT, and SVM have correctly classified the 23 instances. K-star and KNN have classified one
instance incorrectly. ANN and SVM took more time while building the model that is 2.5 and
0.3 seconds, respectively. NB, ANN, HT, and SVM have given 100% accuracy. Meanwhile,
K-star and KNN accuracy was 95.65%.

Table 4.1: Evaluation Criteria Related to Instances Classification

Prediction Algorithm | Time Taken (seconds) | CCI ICI Accuracy
NB 0.00 23 0 100.00%
ANN 2.25 23 0 100.00%
K-Star 0.00 22 1 95.65%
HT 0.00 23 0 100.00%
SVM 0.03 23 0 100.00%
KNN 0.00 22 1 95.65%

Table 4.2 shows that NB, ANN, HT, and SVM KS value is 1, which indicates that these
classifiers have a perfect degree of agreement while categorizing the dataset. On the other
hand, k-star and KNN KS value is 0.901, which show that they have almost perfect agreement
degree. Looking at MAE and RAE values, SVM has the lowest MAE and RAE values that
are 0 and 0%, respectively, which shows that SVM has the best predication accuracy while
KNN has the highest MAE and RAE values that are 0.078 and 16.854% respectively.

The evaluation of prediction model shown in Table 4.3, NB, ANN, HT, and SVM have a
higher precision value that is 1. On the other hand, K-star and KNN precision is 0.95. The
six algorithms have the best recall and precision that is 1. NB, ANN, HT, and SVM scored

the best f-measure that is 1 while k-star and KNN precision is 0.95 and f-measure is 0.97.
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Table 4.2: Evaluation Criteria Related to Error Rates

Prediction Algorithm | KS MAE RAE
NB 1.000 0.031 6.754%
ANN 1.000 0.050 10.870%
K-Star 0.901 0.048 10.329%
HT 1.000 0.031 6.754%
SVM 1.000 0.000 0.000%
KNN 0.901 0.078 16.854%

Table 4.3: Evaluation Criteria Related to Performance

Prediction Algorithm | TPR FPR Precision F-Measure
NB 1 0.00 1.00 1.00
ANN 1 0.00 1.00 1.00
K-Star 1 0.13 0.95 0.97
HT 1 0.00 1.00 1.00
SVM 1 0.00 1.00 1.00
KNN 1 0.13 0.95 0.97

4.2.2 Feature Selection Experimental Results

Feature selection experiments were executed using WEKA 3-8-5 (Waikato, 2020). WEKA
is a toolkit that is used for machine learning and data mining. The used dataset has 24
attributes initially. The first attribute, which is project ID, was omitted since it used for
identification purposes. Moreover, Project x was excluded since it was not considered while
reviewing the dataset (Morisio et al., 2002).

In this study, six feature selection algorithms were performed in eight ML methods.
These methods are JRip, Locally Weighted Learning (LWL), SGD, REPTree, Simple Lo-
gistic, OneR, Random Committee, and Decision Table. Cross-validation with ten folds was
applied as a training technique. In this technique, training the ML model is repeated for
ten iterations. Ninety percent of the dataset is used for training, while the rest is used for
testing.

Six statistical metrics were chosen to evaluate the ML performance. These metrics are KS,
MAE, RMSE, RAE, and RRSE. Furthermore, six feature selection algorithms were applied

to select the most affecting features in the dataset. Three selection algorithms, Classifier
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Attribute Evaluation, Classifier Subset Evaluation, and Wrapper Subset Evaluation required
a classifier. Therefore, SMO was selected due to its performance in classifying the used
dataset, which was tested in the previous section. Also, all experiments were conducted
using default settings. The following subsections demonstrate the results of filter and wrapper

algorithms.

4.2.2.1 Filter Method Algorithms

In this study, three filter method algorithms were used. For each algorithm, feature selection
was repeated eight times for every ML model. Features were selected based on the best
performance of the ML model with a minimal number of attributes. Table 4.4 shows the
evaluation criteria before and after feature selection and the difference between them. These
results were obtained using the Classifier Attribute Evaluation. Overall, KS has increased,
which indicates an improvement in the degree of agreement between actual classification
and the predicated one. Moreover, the average of MAE and RMSE are 0.0583 and 0.0647,
respectively. JRip has experienced the most MAE and RMSE reduction by about 0.15 points.
Both RAE and RRSE have also decreased by 12-13%, shown in Table 4.4. Figure 4.1 depicts
the variance of MAE before and after feature selection. In general, all prediction models
experienced an improvement except for Simple Logistic, where MAE has increased by 0.0072
points. Meanwhile, JRip error has reduced from 0.3168 to 0.1669.
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Figure 4.1: MAE Variance of Classifier Attribute Evaluation
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Table 4.4: Performance Results Using Classifier Attribute Evaluation

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.7039 | 0.1669 | 0.3647 | 36.0177% | 75.5945%
Difference 0.3949 | 0.1499 | 0.1741 | 32.3534% | 36.0988%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.7039 | 0.1331 | 0.3612 | 28.7193% | 74.8760%
Difference 0.0000 | 0.0014 | 0.0001 | 0.3166% | 0.0164%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 0.9013 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.0930 | 0.0435 | 0.0864 | 9.3842% | 17.9042%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.4749 | 0.3137 | 0.4764 | 67.7146% | 98.7655%
Difference 0.2603 | 0.0876 | 0.0539 | 18.9026% | 11.1700%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.6167 | 0.2187 | 0.3803 | 47.1986% | 78.8343%
Difference 0.0000 | -0.0072 | -0.0127 | -1.5463% | -2.6386%
OneR (Full Dataset) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.7039 | 0.1304 | 0.3612 | 28.1528% | 74.8669%
Difference 0.1975 | 0.0870 | 0.1051 | 18.7686% | 21.7859%
Random Committee (Full Dataset) | 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 0.9069 | 0.1186 | 0.2083 | 25.5946% | 43.1759%
lected)

Difference 0.0986 | 0.0404 | 0.0296 | 8.7300% | 6.1490%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) | 0.7039 | 0.2306 | 0.3512 | 49.7702% | 72.7964%
Difference 0.1975 | 0.0637 | 0.0812 | 13.7412% | 16.8424%
Average 0.1552 | 0.0583 | 0.0647 | 12.5813% | 13.4160%
Minimum 0.0000 | -0.0072 | -0.0127 | -1.5463% | -2.6386%
Maximum 0.3949 | 0.1499 | 0.1741 | 32.3534% | 36.0988%
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Table 4.5 presents the result of feature selection using Correlation Attribute Evaluation.
Looking at Table 5, all prediction models have experienced an improvement in their perfor-
mance expect Simple Logistic, MAE negatively increased by 0.0183 points. Furthermore,
the change in LWL was inconsiderable; meanwhile, JRip, OneR, and REPTree performances
have elevated sharply. Figure 4.2 shows MAE progression before and after feature selection.
There was a sharp change in MAE rate, especially JRip, OneR, and REPTree, where the

error rate dropped significantly.
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Figure 4.2: Change of MAE using Correlation Attribute Evaluation

The values are shown in Table 4.6 are the results of attribute selection using InfoGrain
Subset Evaluation. Overall, there is noticeable progress in the evaluation criteria. SGD has
scored the best results; KS and error rates have scored the best values. Meanwhile, Simple
Logistic outcomes remain the same. For the LWL, results are slightly negative since RMSE
has changed from 0.2379 to 0.2477 after applying feature selection. The progression of the
algorithms can be seen clearly in Figure 4.3. As depicted in Figure 4.3, REPTree and JRip

have experienced a significant decrease in MAE.

4.2.2.2 Wrapper Method Algorithms

Three wrapper methods are chosen in this empirical study. Like the filter method experi-

ments, experiments were repeated eight times for each wrapper selection method. Table 4.7
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Table 4.5: Results of Feature Selection Using Correlation Attribute Evaluation

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.7039 | 0.1669 | 0.3647 | 36.0177% | 75.5945%
Difference 0.3949 | 0.1499 | 0.1741 | 32.3534% | 36.0988%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.7039 | 0.1309 | 0.3612 | 28.2579% | 74.8677%
Difference 0.0000 | 0.0036 | 0.0001 | 0.7780% | 0.0247%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 0.9069 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.0986 | 0.0435 | 0.0864 | 9.3842% | 17.9042%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.7039 | 0.1674 | 0.3648 | 36.1209% | 75.6147%
Difference 0.4893 | 0.2339 | 0.1655 | 50.4963% | 34.3208%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.7039 | 0.2298 | 0.3421 | 49.6025% | 70.9241%
Difference 0.0872 | -0.0183 | 0.0255 | -3.9502% | 5.2716%
OneR (Full Dataset) 0.5064 | 0.217 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.7039 | 0.1304 | 0.3612 | 28.1528% | 74.8669%
Difference 0.1975 | 0.0870 | 0.1051 | 18.7686% | 21.7859%
Random Committee (Full Dataset) | 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 0.9013 | 0.1357 | 0.2323 | 29.2789% | 48.1538%
lected)

Difference 0.0930 | 0.0233 | 0.0056 | 5.0457% | 1.1711%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) | 0.7039 | 0.2306 | 0.3512 | 49.7702% | 72.7964%
Difference 0.1975 | 0.0637 | 0.0812 | 13.7412% | 16.8424%
Average 0.1948 | 0.0733 | 0.0804 | 15.8272% | 16.6774%
Minimum 0.0000 | -0.0183 | 0.0001 | -3.9502% | 0.0247%
Maximum 0.4893 | 0.2339 | 0.1741 | 50.4963% | 36.0988%
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Table 4.6: Result Before and After Applying InfoGrain Subset Evaluation

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.7039 | 0.1669 | 0.3647 | 36.0177% | 75.5945%
Difference 0.3949 | 0.1499 | 0.1741 | 32.3534% | 36.0988%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.7039 | 0.1312 | 0.3612 | 28.3154% | 74.8705%
Difference 0.0000 | 0.0033 | 0.0001 | 0.7205% | 0.0219%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 1.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
Difference 0.1917 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.7039 | 0.1669 | 0.3647 | 36.0177% | 75.5945%
Difference 0.4893 | 0.2344 | 0.1656 | 50.5995% | 34.3410%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Difference 0.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
OneR (Full Dataset) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.7039 | 0.1304 | 0.3612 | 28.1528% | 74.8669%
Difference 0.1975 | 0.0870 | 0.1051 | 18.7686% | 21.7859%
Random Committee (Full Dataset) 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 0.8083 | 0.1513 | 0.2477 | 33.0237% | 54.2557%
lected)

Difference 0.0000 | 0.0077 | -0.0098 | 1.3009% | -4.9308%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) | 0.7039 | 0.2306 | 0.3512 | 49.7702% | 72.7964%
Difference 0.1975 | 0.0637 | 0.0812 | 13.7412% | 16.8424%
Average 0.1839 | 0.0791 | 0.1014 | 17.0316% | 20.6610%
Minimum 0.0000 | 0.0000 | -0.0098 | 0.0000% | -4.9308%
Maximum 0.4893 | 0.2344 | 0.2949 | 50.5995% | 61.1286%
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Figure 4.3: MAE Changes InfoGrain Subset Evaluation

presents the progression of the Wrapper subset Evaluation using the default settings. Over-
all, all MLL models have shown improvement after feature selection. KS values of SGD and
Random Committee algorithms have jumped to its maximum value that is 1. Also, JRip
and REPTree measures have elevated by 0.5923 and 0.6867, respectively. Furthermore, MAE
and RMSE decreased mainly for REPTree algorithms, where error rates have reduced by 0.3
points. Nevertheless, the error percentage dropped by nearly 67%. Figure 4.4 illustrates
this improvement. The upper line shows MAE values for ML models on the full dataset;
meanwhile, the lower line presents the MAE value after feature selection. The improvement
is evident for all ML models.

Like Wrapper Subset Evaluation, Classifier Subset Evaluation helped in increasing the
ML models’ performance. According to Table 4.8, JRIP and REPTree error percentages
have steeply declined by 50.4963% and 68.7424%, respectively. Also, the average of MAE
and RMSE has slightly better by 0.1462 and 0.1765, sequentially. Although Simple Logistics
and Random Committee scored the lowest reading yet, it considered being positive progress.
Figure 4.5 provides MAE values before and after applying the Classifier Subset Evaluation.
None of the ML models experience a rise of MAE value, which is considered substantial
progress for all tested ML models.

Table 4.9 shows the result of the final experiment, which evaluates using Correlation-

based Feature Selection. According to Table 4.9, Some predicting models’ performance has
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Table 4.7: Performance Results Using Wrapper subset Evaluation

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.5923 | 0.2340 | 0.3238 | 50.4963% | 67.1273%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.1974 | 0.0517 | 0.1463 | 11.1611% | 30.3264%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 1.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
Difference 0.1917 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.6867 | 0.3185 | 0.3153 | 68.7424% | 65.3695%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.9013 | 0.1707 | 0.2287 | 36.8361% | 47.4041%
Difference 0.2846 | 0.0408 | 0.1389 | 8.8162% | 28.7916%
OneR (Full Dataset) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.9013 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.3949 | 0.1739 | 0.2578 | 37.5371% | 53.4284%
Random Committee (Full Dataset) 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 1.0000 | 0.0188 | 0.0837 | 4.0637% | 17.3486%
lected)

Difference 0.1917 | 0.1402 | 0.1542 | 30.2609% | 31.9763%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) 0.9013 | 0.1636 | 0.2318 | 35.3139% | 48.0483%
Difference 0.3949 | 0.1307 | 0.2006 | 28.1975% | 41.5905%
Average 0.3668 | 0.1471 | 0.2290 | 31.7475% | 47.4673%
Minimum 0.1917 | 0.0408 | 0.1389 | 8.8162% | 28.7916%
Maximum 0.6867 | 0.3185 | 0.3238 | 68.7424% | 67.1273%
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Figure 4.4: Variances of MAE Value Using Wrapper Subset Evaluation
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Figure 4.5: MAE Values Before and After Classifier Subset Evaluation
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Table 4.8: Readings Before and After Applying Classifier Subset Evaluation

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.5923 | 0.2340 | 0.3238 | 50.4963% | 67.1273%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.9013 | 0.0556 | 0.2091 | 12.0006% | 43.3536%
Difference 0.1974 | 0.0789 | 0.1522 | 17.0353% | 31.5388%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 0.9013 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.0930 | 0.0435 | 0.0864 | 9.3842% | 17.9042%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.6867 | 0.3185 | 0.3153 | 68.7424% | 65.3695%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.7039 | 0.1787 | 0.3312 | 38.5655% | 68.6605%
Difference 0.0872 | 0.0328 | 0.0364 | 7.0868% | 7.5352%
OneR (Full Dataset) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.9013 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.3949 | 0.1739 | 0.2578 | 37.5371% | 53.4284%
Random Committee (Full Dataset) 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
lected)

Difference 0.093 | 0.0762 | 0.0229 | 16.4498% | 4.7589%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) | 0.9013 | 0.0828 | 0.2150 | 17.8748% | 44.5660%
Difference 0.3949 | 0.2115 | 0.2174 | 45.6366% | 45.0728%
Average 0.3174 | 0.1462 | 0.1765 | 31.5461% | 36.5919%
Minimum 0.0872 | 0.0328 | 0.0229 | 7.0868% | 4.7589%
Maximum 0.6867 | 0.3185 | 0.3238 | 68.7424% | 67.1273%
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improved after applying feature selection except for Random Committee where got slightly
worse. Meanwhile, OneR and Decision Table remains steady. Figure 4.6 illustrates the
variance of MAE before and after feature selection. The change of MAE was moderate,
comparing it to the previous selection algorithms. JRip, LWL, SGD, and REPTree have
slightly improved, shown in Figure 4.6.
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Figure 4.6: Variance of MAE After Applying Correlation-based Feature Selection

4.2.3 Prediction Model Establishment Experimental Results

The experiments were conducted using WEKA 3-8-5 (Waikato, 2020) with the default set-
tings. The selected training technique was ten folds cross-validation. This technique is widely
used to test the machine learning classifier due to its reliability. Training and testing the
machine learning classifier is repeated in iterations. Also, the dataset is divided equally into
ten subsets called folds. In each iteration, the classifier used nine folds for training and one-
fold for testing. This process ended when the classifier tested all the data (Smith and Frank,

2016). The following subsections present the experiments’ results in detail.

4.2.3.1 Stacking

This subsection presents the results of using stacking algorithm to predict successful software

reuse experience. Also, the subsection shows the effect of incorporating feature selection with
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Table 4.9: Results of Evaluation Criteria Using Correlation-based Feature Selection

Prediction Model KS MAE | RMSE | RAE RRSE
JRip (Full Dataset) 0.3090 | 0.3168 | 0.5388 | 68.3711% | 111.6933%
JRip (Attribute Selected) 0.7039 | 0.1781 | 0.3674 | 38.4446% | 76.1612%
Difference 0.3949 | 0.1387 | 0.1714 | 29.9265% | 35.5321%
LWL (Full Dataset) 0.7039 | 0.1345 | 0.3613 | 29.0359% | 74.8924%
LWL (Attribute Selected) 0.9013 | 0.0435 | 0.2085 | 9.3843% | 43.2244%
Difference 0.1974 | 0.0910 | 0.1528 | 19.6516% | 31.6680%
SGD (Full Dataset) 0.8083 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
SGD (Attribute Selected) 1.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
Difference 0.1917 | 0.0870 | 0.2949 | 18.7685% | 61.1286%
REPTree (Full Dataset) 0.2146 | 0.4013 | 0.5303 | 86.6172% | 109.9355%
REPTree (Attribute Selected) 0.3491 | 0.3123 | 0.4667 | 67.3962% | 96.7490%
Difference 0.1345 | 0.089 | 0.0636 | 19.2210% | 13.1865%
Simple Logistic (Full Dataset) 0.6167 | 0.2115 | 0.3676 | 45.6523% | 76.1957%
Simple Logistic (Attribute Selected) | 0.6167 | 0.1982 | 0.3633 | 42.7866% | 75.3162%
Difference 0.0000 | 0.0133 | 0.0043 | 2.8657% | 0.8795%
OneR (Full Dataset) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
OneR (Attribute Selected) 0.5064 | 0.2174 | 0.4663 | 46.9214% | 96.6528%
Difference 0.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
Random Committee (Full Dataset) | 0.8083 | 0.1590 | 0.2379 | 34.3246% | 49.3249%
Random Committee (Attribute Se- | 0.7039 | 0.1363 | 0.3357 | 29.4264% | 69.5803%
lected)

Difference -0.1044 | 0.0227 | -0.0978 | 4.8982% | -20.2554%
Decision Table (Full Dataset) 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Decision Table (Attribute Selected) | 0.5064 | 0.2943 | 0.4324 | 63.5114% | 89.6388%
Difference 0.0000 | 0.0000 | 0.0000 | 0.0000% | 0.0000%
Average 0.1018 | 0.0552 | 0.0737 | 11.9164% | 15.2674%
Minimum -0.1044 | 0.0000 | -0.0978 | 0.0000% | -20.2554%
Maximum 0.3949 | 0.1387 | 0.2949 | 29.9265% | 61.1286%
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stacking algorithm.

4.2.3.1.1 Prediction Using Full Dataset

This subsection analyzes the results obtained from applying stacking algorithms on the full
dataset. Table 4.10 shows the performance results of the stacking prediction models. Overall,
all prediction models took about eight seconds to build the model. The stacking experiments’
TPRs vary between 0.826 and 0.913, while the FPRs were between 0.105 and 0.209. The
MAE rates were relatively low. The error rate values vary between 0.0969 and 0.1739. Also,
the ROC area results indicate the prediction models’ good performance. In general, all
prediction models have a high capability of distinguishing between success and the failure of
the software reuse experience. However, applying stacking algorithms with MLP as a meta-
classifier has outperformed the other models since its ROC area scored 0.973, which is the

closest to 1.

Table 4.10: Readings Before and After Applying Classifier Subset Evaluation

Prediction Model ROC Time taken
rediction M9l | TPR | FPR | Precision MAE to build model
(Full Dataset) Area

(seconds)
Stacking + SGD 0.870 | 0.186 0.869 0.842 | 0.1304 | 8.75
Stacking + SMO 0.826 | 0.209 0.826 0.808 | 0.1739 | 8.76
Stacking + MLP 0.913 | 0.105 0.913 0.973 | 0.0969 | 8.88

4.2.3.1.2 Prediction After Feature Selection

This subsection analyzes the results of using stacking algorithm after applying the feature
selection technique. Table 4.11 stated the performance criteria results, shows that evaluation
criteria scored the best results. All prediction models have successfully classified all the
dataset instances shown since TPR and FPR are 1 and 0, respectively. Furthermore, the
MAE of the Stacking with MLP was 0.0154, which is extremely low to negligible. Meanwhile,
the MAE of stacking with SMO and SGD was 0. Also, the precision results of the prediction
models scored were the best value that is 1. In addition to that, all models took about 0.5
seconds to be built. The ROC area results indicate that the stacking prediction models have
an excellent performance. The models scored the best results, which is 1. A ROC area equals
one indicates that the models have a good measure of separating the successful software reuse

experience from failed experience.
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Table 4.11: Results of applying Stacking Algorithm on Selected Features

Prediction Model ROC Time taken
redietion o9 | TPR | FPR | Precision MAE | to build model
(Selected Features) Area
(seconds)
Stacking + SGD 1.000 | 0.000 1.000 1.000 | 0.0000 | 0.53
Stacking + SMO 1.000 | 0.000 1.000 1.000 | 0.0000 | 0.54
Stacking + MLP 1.000 | 0.000 1.000 1.000 | 0.0154 | 0.54

4.2.3.1.3 Comparison Performance Results Before and After Feature Selection

This subsection presents the effect of applying feature selection techniques on stacking algo-
rithm. According to Table 4.10 and Table 4.11, there is a significant improvement in instances
classification. The prediction models failed to classify some of the dataset instances before
applying the feature selection technique; meanwhile, the prediction models have all the in-
stances successfully. Figure 4.7 shows the improvement of MAE rates after applying feature
selection. The error rates of stacking using the SGD and SMO as meta-classifiers have sharply
plunged to zero. Meanwhile, the error rate stacking with MLP has significantly declined from
about 0.1 to 0.01.
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Figure 4.7: Progressions of The Error Rates Before and After Feature



4.2.3.2 Bagging

The subsection presents experimental results of applying bagging as an ensemble predic-
tion model on the full dataset. Also, it discusses the effect of feature selection on bagging

algorithms.

4.2.3.2.1 Prediction Using Full Dataset

Table 4.12 presents the evaluation criteria of applying bagging ensemble learning of the
full dataset. The TPR and FPR of bagging with SMO have the best results that are 1 and 0,
respectively. This points out that bagging with SMO had classified all the instances correctly.
Meanwhile, bagging with SGD and MLP has failed in classifying all the instances correctly.
The effectiveness of bagging with SGD and SMO is more than bagging with MLP since the
time taken to build the model was 8.86 seconds. Moreover, the error rates were minimal.
The bagging with MLP scored the highest MAE rate that is 0.0618, which indicates that this
prediction model is less efficient than bagging with SMO and SGD. However, the ROC area
of bagging MLP has the best value that is 1. The ROC area measures the performance of
the prediction model. The closer the ROC area value is to 1, the better. Therefore, bagging
with MLP and SMO outperformed bagging with SGD. Furthermore, the precision of bagging
with SMO scored the best value; meanwhile, the precision of bagging with MLP and bagging
with SGD was slightly lower by 0.087 and 0.0041, respectively.

Table 4.12: Results of Prediction Software Reuse Using Bagging

Prediction Model ROC Time taken
rediction 3oC€ | TPR | FPR | Precision MAE to build model
(Full Dataset) Area

(seconds)
Bagging + SGD 0.913 | 0.105 0.913 0.992 | 0.0478 | 0.04
Bagging + SMO 1.000 | 1.000 1.000 1.000 | 0.0304 | 0.49
Bagging + MLP 0.957 | 0.082 0.959 1.000 | 0.0618 | 8.86

4.2.3.2.2 Prediction After Feature Selection

To improve the bagging algorithms’ performance feature selection technique was applied.
Table 4.13 presents the results of the bagging prediction models after selecting the relevant
attributes. According to Table 4.13, all bagging models have correctly classified the dataset
instances. The TPR, FPR, and ROC area scored 1,0, and 1 respectively. The results are
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considered the best outcome that any classifier can achieve. The ROC area, which evaluates
the prediction model performance, showed that all bagging models have good performance
since the ROC area has reached 1. The MAE rates range between 0.0087 and 0.0711, which
are very superficial. Also, bagging with SGD and SMO were more effective than bagging
with MLP since the time taken to build the models is better by 0.44 and 0.32 seconds. Also,

all prediction models have the best precision value.

Table 4.13: Evaluation Criteria Results of Using Bagging with Feature Selection

Prediction Model ROC Time taken
recdichion o€ | TPR | FPR | Precision MAE |  to build model
(Selected Features) Area
(seconds)
Bagging + SGD 1.000 | 0.000 1.000 1.000 | 0.0087 | 0.01
Bagging + SMO 1.000 | 0.000 1.000 1.000 | 0.0087 | 0.13
Bagging + MLP 1.000 | 0.000 1.000 1.000 | 0.0711 | 0.45

4.2.3.2.3 Comparison Performance Results Before and After Feature Selection

Features selection technique helps to improve the prediction model’s performance. The bag-
ging models have benefited from feature selection. For instance, the time taken to build the
model has significantly improved, especially for bagging with MLP, where the time taken has
decreased from 8.86 to 0.54 seconds, as shown in Table 4.12 and Table 4.13. However, Figure
4.8 shows the error rate of bagging with MLP has slightly increased by 0.00093 points. On
the other hand, the MAE of bagging with SGD and SMO have efficiently improved by 0.0391
and 0.0217 points, respectively.

4.2.3.3 Voting

This subsection of presents the voting results of the voting ensemble prediction models before

and after feature selection.

4.2.3.3.1 Prediction Using Full Dataset

Table 4.14 shows that the best combination rule to classify the dataset was the majority
voting. The majority voting got the best TPR and FPR results that is, 1 and 0 consecutively.
Therefore, the classified majority voting has classified all instances correctly. Meanwhile, the

worst combination rule was the maximum probability since it scored the lowest TPR and the
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Figure 4.8: Effect of Feature Selection on MAE rates

highest FPR. Also, the error rates are considered low. The MAE results were between 0.0952
and 0.2126. Furthermore, the products of probabilities and minimum probability voting rules
failed to classify two instances.

Although voting with majority voting has the best results of the evaluation criteria, the
model is the least effective since it took 0.93 seconds to build it. Two voting models that use
the product of probabilities and minimum probability could not classify two instances, while
the rest of the voting models classified all the instances.

The ROC area results measure the prediction model’s ability to distinguish between
the dataset’s classes. The closer the ROC area value to one, the better. According to
Table 4.14, voting with majority voting has the best performance, followed by voting with
average probabilities. Meanwhile, the least performance model was the voting using minimum
possibility and product of probabilities. Also, voting with maximum probability has the least
precision results, which 0.869 meanwhile, the most precise voting model use the majority

voting.

4.2.3.3.2 Prediction After Feature Selection
Table 4.15 illustrates the results of the voting prediction models after applying the feature
selection technique. The results showed that two of the voting models have correctly classified

all the dataset instances. These voting models used the average of probabilities, majority
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Table 4.14: Performance Results of applying Voting Learning on The Full Dataset

Time taken

Prediction ROC to build | Unclassified
Model TPR | FPR | Precision MAE | % nelassiie
Area model Instances
(Full Dataset)
(seconds)
Voting + AP 0.913 | 0.105 0.913 0.992 | 0.1063 0.92 0
Voting + PP 0.905 | 0.119 0.905 0.861 | 0.0952 0.91 2
Voting + MV 1.000 | 0.000 1.000 1.000 | 0.0000 0.93 0
Voting + MinP | 0.905 | 0.119 0.905 0.861 | 0.0952 0.88 2
Voting + MaxP | 0.870 | 0.186 0.869 0.963 | 0.2126 0.89 0

voting. The TPRs and FPRs for the voting with products of possibilities and minimum

probability were 1 and 0, respectively. However, these products of possibilities and minimum

probability could not classify one instance. Moreover, the TPR and FPR of voting with

maximum probability indicate that the model had misclassified some instances.

Furthermore, the voting models’ error rates were minimal and varied between 0.140 and 0.

In addition to that, the ROC area results show that all voting models have a good performance

in predicting software reuse experience. Furthermore, voting using the maximum probability,

as a voting rule, was the least precise model among the voting model, shown in Table 4.15.

Table 4.15: Evaluation Criteria of Voting Learning on Selected Features

Prediction Time taken
B L e e R
Features) (seconds)

Voting + AP 1.000 | 0.000 1.000 1.000 | 0.067 0.08 0

Voting + PP 1.000 | 0.000 1.000 0.980 | 0.000 0.06 1

Voting + MV 1.000 | 0.000 1.000 1.000 | 0.000 0.07 0

Voting + MinP | 1.000 | 0.000 1.000 0.980 | 0.000 0.06 1

Voting + MaxP | 0.957 | 0.082 0.959 1.000 | 0.140 0.07 0

4.2.3.3.3 Comparison Performance Results Before and After Feature Selection

This subsection highlights the features selection technique’s effect on the prediction models’

66



performance. In general, there is a significant improvement. The time taken to build the
model was reduced for all voting models in an average of 0.838 seconds. Also, the TPRs
and FPRs of voting with average of probabilities, products of possibilities, and minimum
probability improved to the best results, which is 1 and 0, respectively. Moreover, the number
of unclassified instances for voting with products of probabilities and minimum probability
has reduced to one instance, as shown in Table 4.14 and Table 4.15.

Figure 4.9 illustrates the error rate improvement before and after applying feature se-
lection techniques. MAE result for voting with majority voting remains the same, which is
0. Voting with average of probabilities has improved by 0.0389 points. In addition to that,
voting with maximum probability has also been enhanced by 0.0725 points. Meanwhile, error
rates of voting minimum probability and products of probabilities experienced a reduction

to the best error rate results that is 0.
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Figure 4.9: Progression of MAE Before and After Using Feature Selection

4.3 Reusability Estimation Model Evaluation

In this section, we assess the effectiveness and accuracy of our proposed model. The evalu-
ation phase consists of two phases. In the first phase, we manually evaluate the reuse score

using the proposed model on the static metrics of selected java classes. Meanwhile, the
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second phase aims to assess the accuracy of our methodology but compare it with different

reusability models. The following subsection depicts the evaluation phases in detail.

4.3.1 Effectiveness Evaluation

As mentioned earlier, the evaluation of the model’s effectiveness was performed by manual
examination of a select java class static metric. This evaluation aims to confirm that the
model’s obtained reusability scores are reasonable and interpretable to the java classes’ static
metric. The first step of analyzing the static metrics is by identifying their cluster member-
ship. The cluster membership identification would determine the statics metrics reuse scores
and PCC that has to be used to aggregate the java classes’ reusability scores. Table 4.16
presents the static metrics of the selected java classes with their reusability scores. The
cohesive java classes, which have low LCOMS5, have scored higher reusability scores than
non-cohesive classes. Moreover, complexity could negatively affect the component’s reusabil-
ity. NL and WMC describe the class’s complexity. The obtained reusability score has shown
the expected. The classes that have high NL and WMC have lower reusability scores lower.

From a coupling perspective, the components that appear to have low CBO values had
higher reusability scores. In addition to documented components tend to be more reusable.
However, the quality of the documentation depends on the TCLOC and the component’s
size. Therefore, a high value of TCLOC does not necessarily mean that the component is well
documented since the sufficiency of the documentation does not depend on the component’s
size. Some classes have TCLOC values; however, their reusability score is relatively low due

to their large size, as shown in Table 4.16.

4.3.2 Accuracy Evaluation

To evaluate the accuracy of our proposed estimation model. We compared the performance of
our regression models with a different reusability estimation model proposed by (Papamichail
et al., 2019a). The reason we choose this model is that we are using the dataset. However, we
applied the GQM model as a feature selection strategy. Meanwhile, the work in (Papamichail
et al., 2019a) used the entire dataset. In addition to that, we both used univariate analysis
to predict the reusability scores. Howsoever, our regression model was trained on each static
metric separately within a cluster.

Figure 4.10 presents a comparison of the MAE values between our model and the model in
(Papamichail et al., 2019a). Since our regression model was trained on each cluster separately,

we selected the best, average, and worst regression model results to compare them with
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the MAE results of the regression model used in (Papamichail et al., 2019a). In general,
our regression model has lower error rates than the (Papamichail et al., 2019a) approach.
However, their regression model has lower error rates for some static metrics. Our proposed

model provided more accurate results on most of the cases, as shown in Figure 4.10.
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Figure 4.10: Comparison of Error Rates
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4.4 Discussion

After presenting the experimental results, in this section, we intend to answer the research
questions. The following subsections answer the questions regarding the proposed software

reuse experience prediction model and the software reusability estimation model.

4.4.1 Prediction of Software Reuse Experience

The subsection is concerned with answers related to the proposed ensemble model that pre-

dicts successful software reuse.

RQ1. What is the machine learning potential in distinguishing successful and failure soft-
ware reuse erperiences?

According to Table 4.1-4.3, the results of selected machine algorithms showed that most of
the algorithms scored the best results. Most of the evaluation criteria had the highest value,
which criteria can hold. For instance, the TPRs of prediction models were 1, which is the
highest results a TPR can hold. Also, the KS results were 1, which is the best result a KS
can score. Furthermore, the error rates are considered very minimal. Therefore, machine
learning algorithms have an outstanding potential to distinguish between successful and fail-
ure software reuse experiences. In addition, results showed that the SMO or SVM algorithm
is an excellent candidate for a feature selection classifier since it scored the lowest MAE that

is 0. By answering this question, we have fulfilled achieving research objectives O2 and O3.

RQ2. Can feature selection algorithms improve the prediction of successful software reuse
experiences?

To answer this question, we looked at the progression of error rate presented in MAE be-
fore and after applying feature selection techniques. This progression is depicted in Figures
4.1-4.6. In general, the feature selection technique has improved the prediction of software
reuse experiences. However, there are a few cases in which the prediction models’ accuracy
has decreased. Nevertheless, we can conclude that feature selection has a positive influence
in predicting successful software reuse. By answering this question, we accomplished the

research objective O2.

RQ3. What is the most relevant feature subset that would improve the successful software

reuse experience prediction?
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To select the most relevant features, we have looked at the progression of error rates in all
tested machine learning algorithms. According to Figures 4.1-4.6, the wrapper subset evalua-
tion has significantly improved the error rates of all selected machine learning algorithms. The
subset extracted consists of three features: human factors, type of software production, and

application domain. The answer to the question helps in achieving the research objective O4.

RQ4. How does ensemble learning perform in predicting successful software reuse expe-
riences?

The f-measure was utilized to evaluate, compare the performance for experimented predic-
tion models. Moreover, two evaluation criteria were used to identify the best and worst
ensemble prediction models. These evaluation criteria are the f-measure and MAE. Figure
4.11 illustrates the stacking models’ performance also depicts the effect of using the Wrapper
Subset Evaluation as a feature selection technique. Overall, the performance of all stacking
ensemble models had improved after applying feature selection. Stacking with SMO as a
meta-learner witnessed the best progression. The f-measure has jumped from about 0.8 to
1. This shows the wrapper subset evaluation has a positive impact on the stacking ensem-
ble learning performance. The best stacking ensemble model was the stacking with SMO
since the MAE and f-measure have achieved the best results, which are 0 and 1, sequentially.
Meanwhile, stacking with MLP is considered the worst since it scored the highest MAE even
after applying feature selection, as shown in Figure 4.7.

Figure 4.12 depicts the bagging ensemble learning performance with and without fea-
ture selection. In general, all bagging prediction models have scored the best results for the
f-measure after utilizing feature selection performance. The performance of bagging using
SGD on the full dataset was the worst. However, bagging with SGD performance had sharply
improved when feature selection was introduced to the model. Meanwhile, the feature se-
lection had neither a positive nor negative impact on bagging with SMO. The f-measure of
bagging with SMO was one, which is the highest result a prediction model could achieve. The
performance of bagging with MLP has significantly improved; however, the error rate has
slightly increased after applying feature selection, as shown in Figure 4.8. When comparing
the error rates in Figure 4.8 and performance in Figure 4.12, it can be educed that introduc-
ing Wrapper Subset Evaluation to bagging with MLP is best in terms of performance and
efficiency. Meanwhile, bagging with MLP is the worst among the bagging models.

The impact of the feature selection on the voting ensemble prediction models was also

positive. However, voting ensemble prediction with majority voting did not improve when
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Figure 4.11: Performances of Stacking Prediction Models Before and After Feature Selection

applying feature selection since the majority voting outperformed all the other voting rules
with or without feature selection. The model had scored the best performance results, which
is one, as shown in Figure 4.13. Also, Figure 4.9 shows that majority voting has the lowest
error rates. Meanwhile, the maximum probability has the most deficient performance and
error rates among the voting prediction models. When comparing the empirical results of
ensemble learning models. We concluded the voting with majority voting since the prediction
model has a better effectiveness result presented in the time taken to build the model. By

answering this question, we have accomplished the research objective O5.

4.4.2 Software Reusability Estimation Model

This subsection answers the research questions related to estimating software components’

reusability:.

RQ5. What type of analysis could be used to estimate software artifacts’ reusability?

According to the literature review, static metric analysis is actively used to measure software
quality. A software assessment model is required to be efficient and not time-consuming. The
static metric analysis is a practical approach since it does not require the execution of the

evaluated component. Also, statics metric analysis helps statistically identify the areas that
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would improve the quality of the component. Moreover, the effectiveness evaluation of the
proposed estimation model showed that the reuse scores of the static metrics aligns its the
theoretical interpretation. Therefore, static metrics analysis is an effective type of analysis
to estimate the software reusability. The answer of this question in addition to the literature

review accomplished research objective O7.

RQ6. Can the GQM paradigm be used as a feature selection technique?

The effectiveness and accuracy evaluation of the proposed estimation model showed that the
GQM paradigm played an influential role in estimating the software component reusability.
Also, to ensure that the extracted subset is adequate, we utilized Python and applied feature
selection on the used dataset to select the best features. Figure 4.14 depicts the output of the
feature selection application. The extracted features are the same features that we obtained
using the GQM paradigm. This indicates that the GQM can be an effective feature selection
technique on the used dataset. The answer of the question partially fulfills research objective
08

RQ7. What are the metrics which can be used to model a software reusability estimator?

According to the proposed GQM model, the selected metrics focus on the components’ size,

cohesion, coupling, complexity, documentation, inheritance, and documentation. The GQM
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model identified twelve static metrics which were used in estimating java classes’ reusability,

depicted in Figure 3.5. The answer to this question fulfills research objectives O8

RQ8. How can data clustering improve the software reusability estimation?
The accuracy evaluation of the proposed estimation model showed that our model is more
accurate than the proposed model in (Papamichail et al., 2019a) , which used the entire

dataset’s instances. By answering this question, we achieved research objectives O9.

4.5 Threats to Validity

In this section, we present the threats that could compromise our proposed models. The first
part illustrates the threats to validate the software reuse prediction model. Meanwhile, the
second part discusses the limitation of the proposed software reusability estimation model.
In light of the experiments performed to predict successful software reuse, some threats
should be mentioned. The dataset used in these experiments was taken for a public repository
(Promise Repository, 2004) with a limited number of 24 instances. Therefore, the size of
the studied dataset is considered relatively small. A small dataset might negatively affect
prediction models. For instance, it could affect the performance of feature selection as well as

the classifiers’” performance. To lower the effect of this threat, ensemble learning was chosen
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rather than a single classifier. Also, the selected feature selection algorithm was tested on
eight ML algorithms to ensure its effectiveness.

Furthermore, the used dataset was constructed by interviewing professionals in software
development companies. These companies are located in Europe; therefore, there is a slight
possibility of geographic influence on the collected dataset. Furthermore, the used dataset is
quite unbalanced since the number of instances with success classification is more than the
failure classification. In addition to that, there is no machine learning algorithm that supe-
riorly classifies all the instances. Therefore, another classifier may obtain different outcomes
while classifying the dataset.

For the estimation model, there are some factors that may threaten the validity of our
proposed model. First, the dataset was a result of benchmarking the most popular projects in
the Maven Repository. The reuse rate was calculated based on these projects only. Therefore,
projects’ popularity is the primary influencer of the reuse rate that could change over time.
These changes may affect the effectiveness of our proposed model. Meanwhile, there might be
other factors that could influence the reusability of the components, such as the popularity of

the project provider. Furthermore, our proposed model depends on the analysis methodology
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and machine learning model we decided to use while building our model. Adapting different

analysis methodologies and machine learning algorithms may produce different results.

4.6 Summary

In this chapter, we presented the experimental results that led to the proposal of an ensemble
prediction model. This model can recognize successful software reuse experiences. Also, we
depicted the evaluation of the proposed reusability estimation model. When comparing the
results of the ML assessment, it showed that SMO or SVM has the best results. Therefore,
it is the appropriate algorithm to use as a classifier while estimating the accuracy of feature
subsets. Also, the feature selection experiments have successfully identified the most relevant
dataset’s attributes to predict successful software reuse experience. Furthermore, ensemble
learning was selected as a prediction model to minimize the negative influence of the size of
the used dataset.

Moreover, the effectiveness evaluation of the proposed software reusability estimation
model showed that the estimated reusability scores are interpretable. Also, the accuracy
evaluation depicted that the proposed model is more accurate than an estimation modeled by
(Papamichail et al., 2019a). The evaluation indicated that data clustering has the potentials

to improve the estimation of software components’ reusability.
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Chapter 5

Conclusion and Recommendations

5.1 Overview

This chapter sums up what has been stated in the previous chapters. Software reuse became
a prominent practice among software developers. The matter of identifying reusable assets
can be challenging. In this thesis, we proposed two assessment models which utilized ML
algorithms. These models can be integrated into the software assets assessment framework.
The first model is concerned with the non-technical factors that could distinguish between
successful and failure software experience. This model used classification machine learning
algorithms. Meanwhile, the second model estimates java classes reusability. The proposed
model incorporates data clustering and regression with static metric analysis to evaluate the

reusability of java classes.

5.2 Conclusion

It has been more the half of a century since the NATO science committee expressed its con-
cerns about software development productivity and the quality of the developed software.
The experts and researchers in the software engineering discipline are determined to increase
software development productivity and reduce the development time and effort. Also, soft-
ware developers are trying to keep up with the market’s high demand for sophisticated and
high-quality functional software by reusing software components. Software reuse is one of the
practices which software development professionals adopt to solve NATO concerns. However,
some factors may prevent the success of reusing software assets.

The software engineering discipline has to consider the technical and non-technical factors

79



when assessing software artifacts. In the study, two ML based models were proposed as
software asset assessment methodologies. The first model, which focuses on non-technical
factors, started by assessing the potentials of ML in predicting successful software reuse
experiences. Six ML algorithms were used on a public data set to predict the success of
software reuse. These algorithms are NB, ANN, K-Star, HT, SVM, and KNN. The results
showed that ML has the potential to predict successful software reuse. However, some features
may affect prediction accuracy. We are planning to apply filters to explore these features
that may reduce the training time.

Therefore, WEKA tool was used to apply six feature selection algorithms on a public
dataset. The goal of these experiments was to explore the most effective attributes that
predict successful reuse experiences. Also, five evaluation criteria were chosen to evaluate the
prediction output. Then, the difference between results before and after feature selection was
compared to assess the improvement. In general, the variance of the results was promising.
The results showed an improvement in the prediction model accuracy. Moreover, there was
a significant decrease in error rates. Some experiments showed a sustainable decline in RAE
and RRSE around 68% and 65%, respectively. Therefore, it can be concluded that applying
feature selection improves the accuracy and performance in predicting successful software
reuse experiences. Furthermore, it extracted the essential attributes from the dataset.

The used data is considered a small dataset. Consequently, ensemble learning was utilized
to ensure the success of the software reuse experience. Also, to reduce the negative influence
of the dataset’s size. Three ensemble learning algorithms were selected. These algorithms
are stacking, bagging, and voting. Also, Wrapper Subset Evaluation was used to improve the
outcome of the ensemble learning. The results showed that ensemble learning had performed
very well in distinguishing successful software reuse experience. Moreover, feature selection
positively impacted the ensemble learner’s prediction where the accuracy was researched
100% in some experiments. The experimental results also showed that voting using the
majority voting obtained the optimal results compared to other ensemble learning models.
Meanwhile, bagging with SGD on the full dataset was the worst ensemble prediction model.

Software development methodologies have drastically changed, especially with the rapid
increase of OSS availability. Also, the adaptation of agile development helped increase the
software project productivity by reusing OSS components rather than developing the projects’
components from scratch. However, the decision to reuse components is not blindly taken.
A software component has thoroughly to be assessed to prior any reuse decision. Measuring

the component’s reusability by analyzing its static metric is one method that can be used in
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the assessment phase. Therefore, the second proposed model was a reusability score model
that statistically analyzed the static metrics of java classes. These metrics were collected by
(Papamichail et al., 2019b) and published as a public dataset. The reuse rate of is dataset is
measured by counting the number of the import lines. Furthermore, we explored the effect of
feature selection using GQM, clustering, and regression in aggregating the reusability score.
The error rates of the used ML algorithms were very minimal. Also, the findings of the
effectiveness evaluation showed that the proposed model could effectively estimate the java

classes’ reusability.

5.3 Recommendations and Future Work

Software reuse influences to boost up the software projects productivity. However, the reuse
decision must be taken systematically through software assets classification and assessment
framework to reduce risks and cost. Therefore, software reuse practices have to follow a
practical approach, especially in the early stages of the project. The incidents mentioned
above of Ariane 5 and Therac-25 depicted how catastrophic a wrong software reuse decision
can be.

The findings of our literature review show that machine learning is actively utilized in soft-
ware reuse. Either in proposing software reuse approaches or estimating software reusability.
The empirical contribution of this thesis is to find software reuse assessment models which
ML algorithms as we believe that the software assessment is the most crucial and critical
phase in the software reuse decision making. Moreover, the software reuse assessment process
should never neglect the non-technical factors that influence the success of software reuse.

The experimental results and evaluation showed that the proposed models have effectively
achieved their objectives. However, the dataset used to predict successful software reuse
experiences considered imbalance since the portion of the failure software reuse instances to
successful software reuse instances is around 1:2. The future work will concentrate on finding
the appropriate techniques to solve the dataset imbalance.

Moreover, the effectiveness and accuracy evaluation of the proposed software reusability
estimation model showed that the proposed model effectively estimated the java classes’
reusability. We intend to explore the effectiveness of our estimation methodology in different
components’ levels. As a future work, we will explore the effectiveness of our methodology

in estimating the reusability of the java methods and packages.
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