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Abstract

Context: Prediction of the maintainability of classes in objegented systems is a significant
factor for software success; however, it is a challenging task. Although prior-obted
softwae maintainability literature acknowledges the role of machine learning techniques as
valuable predictors of potential change, the most suitable technique that consistently achieves
high accuracy remains undetermined and there is no clear indication of twbimiques are

more appropriate.

Objective: This thesis aims to empirically investigate the capability of ensemble nmiondels
provide an increasqaredictionaccuracy, compared with individual models, by applying them

on several software maintainabililatasetaising different base models and analysing the
impact of parameter tuning.

Method: In the first part of this thesis, a systematic review of studies related to the prediction
of the maintainability of objeabriented software systems usimgchine learning techniques

is presented. In the remaining parts of this thesis, three empirical studies were performed to
evaluate and compare different homogeneous and heterogeneous ensemble models against sets
of individual models for predicting softwemaintainability of objeebriented systems at the

class level. These models were employed on 14 datasets that were extracted from the
maintenance of objedriented software systems

Results: The systematic literature review determined 56 relevant stadié indicated that the
application of ensemble models is relatively rare, thus there is a heed to perform studies using
these models as well as others to an extensive variety of dafdsetesults obtained from

three empirical studies indicate that foroposed ensemble models yield improved prediction
accuracy over most of the individual modélfis improvement was significant only in the

third empirical study, along with a few cases in the second empirical study. In most eases, k
nearest neighboum support vector regression achieved the best prediction accuracy among
individual models; moreover, these models as a base model in bagging and additive regression

outperformed other prediction models, along with random forest.



Conclusion: The main fiding is that ensemble models are effective for predicting software
maintainability and they are more accurate than some individual mdleisperformance
may be improved by using large datasetparameter tuningdlso, ensemble models improve

the peformance of weaker base models.
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Chapterl. I ntroducti on

Software quality assurance (SQA) is defined as a group of activitieguhedntee that a
software meets a certain quality ley@&]. Quality is mainly affected by its attributes, which

are divided into two groups: external and internal attribuitgsrnal attributes, such as class
cohesion, are directly measured from the software, whereas external attributes, such as
maintainability, need to be measured indirectly, and their prediction often relies on internal
attributes[7]. Software maintainability is an essential attribute in evalgaBQA, and itis

defined as thsimplicity to makethe modificationof a software systerm orderto upgrade

the performanceadapt to changes in the environmento editfaults[8]. This definition tries

to capturehow easy it was for the developer to make a change in the software product
However, theinformation about the ease of change is a challenging task to get unless this
information was observed by engineers during the maintenance process, such as time, effort,
number of modules investigated. Therefore, proxy measures that compute the number of
changes made in the classes (ichange maintenance effort measurewbether or not a
change has been maitethe classes (i.echangepronenessmeasurekpre typically used to
resolvethis issue.These measuremenfse., dependent variablgye considred a perfect
predictor of softwarenaintainabilityand have a powerful relationship with other metnes,(
independent variablesthat capture the concept of maintainabilif9]. Studies have
acknowledged various types of software maintenance measureriesitgie maintenance

effort [7, 9-18], changepronenesg16], adaptive maintenance effprvhich calculates the

effort spent on each phase of the adaptive maintenance p[b8gssrrective maintenance

effort, which calculates the effort spent on each phase of the corrective maintenance process
[20], maintainability index (MI), which is single value of a composite metric that compute
afunctionfrom of four metrics: cyclomatic complexity, percentage line of comments, Halsted
volume and lines of cod@1], and maintenance timehich calculates the time to implement

the maintenance tasi?].



This thesishas adopted change maintenandfe and changg@ronenessmeasures to predict
software maintainabilityChange maintenance effort is a wietlown software maintainability
measure that calculates the number of modifications made per class during the maintenance
period [7, 918]. A larger number of changes requires higher maintenance,effbich

implies a lower level of maintainabilit©hangeproneness is anothsoftware maintainability
measurg[16, 23] which is a dependent variable to indicate that changes (e.g., inserting,
removing or editing) have been made in a given class. This dependent variable is a Boolean
value that includes two values: TRUE if the change was made on the class or FALSE if the
change was not made on the class, regardless of the type and number of [SaAdewer

number of TRUE values or a lower number of chapgmeness refers to better
maintainability, that is, it requires low maintenance effort.

Mai ntenance is defined as Athe process of
after delivery to correct faults, improve performance or other attributes, or adapt to an
e nv i r o[B]nseftwar@&maintenance consumes the largest amount of cost, time and effort
during the software development liégcle [9]. Jones reported that maintenance consumes
approximately 75% of the total projemist, and the cost of maintaining the source code is ten
times higher than the cost of developinp#].

Controlling costs, time and effort are the significant components for ensuring SQA.
These are performed by determining appropriate messasel. DeMarcg25]st at e d Ay o
cannot control what you cannot measureo. Sof
be employed to evaltmthe quality of the software. In particular, objegented (OO) metrics
are used to measure aspects of the source code of software systems (e.g., cohesion, size and
inheritance depth). Consequently, several studies have employed a variety of OOtmetrics
evaluate the concept of software maintainability, such as Chidamber and Kemere{26KK)
and Li and Henry (L&H) metrics[9]. For example, the L&H metrics can be utilised as
predictors of software maintenance effort, as they have exhibited a strong relationship with the
number of changes in the source cf#ié1, 13]

OO0 systems are structured around objects and classes that have different characteristics
(i.e., encapsulation, coupling and inherdan These systems are written in various
programming languages such as Java, C++ and C#. Several OO systems are available in open
source projects (e.g.GitHub [27] or SourceForgg28]) and are commonly used by various



organisations. With the growing use of OO systems, organisations need to further develop and
change systems, which in tuleads to an increase in their compleX&9], and consequently
concerns regarding tmeeffective maintenance.

Prediction is a core part of estimation, which is a crucial aspect of project pl§ddjng
and involves the determination of a number of factors including duration, staff, size, costs and
effort [20]. Prediction mainly depends on historical internal and external quality attributes
from completed projects. The correlation between internal attributes, "independent variables”,
and external attributes, "dependent variables”, is a recognised challenge for software
maintainability predictior{7]. Considerable attention has been given to predicting software
maintainability using machine learning techniques. Accurate predictions are increasingly
important in software pregt management tasks: allocating developers, identifying resources,
supporting decisioimaking, evaluating costs across different projects and performing
maintenance processg0]. This prediction can assist in gaining insights on likely future
maintenance, and can help decrease the total cosivandll effort of the software project
[31]. However, building an accurate prediction model is difficult to achieve. Several empirical
studies have been performed to investigate various types of individual machine learning
modds, including neural networkglO], Bayesian network$11], linear regressiorf32],
multiple additive regressioinees[13] and K-means clusterin{83]. However, the prediction
accuracy of these indidual models is disappointing and does not meet the criteria suggested
by MacDonnell and Kitchenham et §84, 35] These criteria include the mean magnitude of
relative error (MMRE) and Pred(q), which is the proportion of instances in the dataset in which
the MRE is less than or equal to a defined valu¢3®]) These measures should be Pred(.30)
60. 70 or Pred(.25) O00.75 or/and MMRE O O.
measures are provided in Section 3.5.1.

To improve the accuracy of individual models, an eridermmachine learning model is
introduced. This ensemble model is created from individual models in a heterogeneous
(integrating various types of individual models) or homogenous (integrating the same type of
individual models) manne©ne of the mairadvarnagesof the ensemble models is to reduce
the prediction variance that is a common factor in machine learning ni8@gl&nsemble

models aim to controthe variance factor by integrating several individual models and



producing high prediction accuracyhis integration helps ensemble models to capture the
advantges of multiple individual models.

Researchers and software practitioners have realised the benefits of ensemble models
and applied them in various areas of software engineering probBsvsral studies have
explored the application of ensemiiedels in fault prediction problemsuch @ Random
Forest (RF)[37-39], voting feature interval$40], combined defect predictg41], bagging
[42], stackind43], and adaptive selection of classifigtd], and have recorded high accuracy
More specifically,h e st udy lalyindibhéed that the ensernble modelevide a
significant improvement in terms of locating software defgt®$. In addition,an empirical
study of crosgroject defect prediction was employed combined defect predictor on 10 open
source software systems. The findings of the study evidenced that the combined defect
predictor outperformed other individual moddgil]. The study by Zhang et al. also
investigated crosproject defect prediction using various ensemble models and revealed that
bagging ensemble model achieved high accuj@2ly The paper by Petri et al. used stacking
ensembles to predict softire defect and found that this model attained good performance
[43]. One of the reasons for the success of stacking over other models is that stacking combines
several types of individal models.Moreover, adaptive selection of classifier was proposed
and compared with five individual models in the context of predicting defect prorjéagss
The results obtained from this study indicated that the proposed ensemble model performed
better than the other five individual models. Previous studies have also stated the success of
using ensemlel models to predict effort estimation using technigéesexample:bagging
[45] andensembles of linear methops]. Among several ensemble models implemented in
studies of software engineering field, a number of these studies emphasised that RF
outperforms other prediction models and produced a high impevem the prediction
accuracy[37, 38, 47, 48] Ensemble models have also been used to predict software
maintainabilityand provided high prediction accuracy (elzagging [16], majority voting
[23] and RF[48]). Based on the findings obtained in this discussiba,ensemble models
yield improved the prediction accuracy over individual models, and haare sf®wn to be
useful models in several studiessofftware engineering fieldowever the use of ensemble

models for predicting software maintainability is relatively limited compared to the use of



these models in other software engineering fidldesefindings motivate us to use ensemble
models(and RF, bagging and stacking in particularhis thesis.

The imbalanced class probleexisis when the quantity of one class in the dataset
(True) is far lower than the quantity of another class in the same dataset (False). This problem
causes machine learning models to bias their predictions towards majority classes and ignore
minority classesAs a result, machine learning models gain high prediction accuracy based on
the majority class instead of both classes. To resolve this s&supling technigues have been
used in various fieldsicludingtelecommunications managemgt], emerging patterris0],
medical diagnosi$51], and text categorisatiofp2]. Moreover, the research community in
software engineering disciplines has made significant efforts to address this isguartisus
samplingtechniques. For instance, the synthetic minority ®ampling technique (SMOTE)
in refactoring predictiofb3], random undesampling in defect predictidb4] and condensed
nearer neighbour in maintainability predicti@®].

In this thesis, the application of ensemble models for predicting software
maintainability is investigated and recommendationgHerproper use of these models are
provided.This investigation is performed by usimgrious sizes of datasedad several base
models, along witlanexploration of the impact of parameter tuningherefore a systematic
literature review(SLR) for software maintainability predictiomsing machine learning
techniqueds conductedn Chapter 2to determine maintainability measurements, metrics,
datasets, evaluation measures and prediction models in the current studies, along with their
gaps Additionally, three empirical studies are performedhapters 4, 5 and 6 tonstrucia
range of advared machine learning modedise., homogenous and heterogeneous ensemble
models) from existing individual models to predict software maintainability at the class level.
These models employed a number of representative datasets for software maintaiiability e
from open source datasets hosted in PRedictOr Models In Software Engineering (PROMISE)
[56] (for example) or dataset extraction from existing epeuarce projects proposed in
repository projects (e.gGitHub[27] or SourceForg§28]).

1.1. Problem Statement

Severalresearch attempts have been made to construct different machine learning techniques

for predicting software maintainability. However, creating an accurate model to predict
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software maintainability is a challenging task toamplish, and to date, there is no evidence

in the current literature on which models are appropriate. Therefore, the goal of this thesis is
to employ ensemble models, which might resolve the problemingmmdvetheir prediction
accuracy over individual nals. Another goal is to apply these models to a wide variety of

software maintainability datasets to validate the results.

1.2. Motivation for the Thesis

Ear |l y pofesaftivacetmaiotenance si ng machine | earning mo
h e | psoftwage poject managers to control resources, establish the maintenance process,
improve design or coding, evaluate productivity, and compare costs across different projects
[20]. In addition, it helps to achieve SQA, decreasing the failure and future maintenance effort

of the software projecfll]. Furthermore, prediction software maintainability enables the
support of decisioimaking, by scheduling future maintenance operations, and the selection of
developers, assigning more experienced developers to classes with high maintenance
requirements. Tdate, there are limited studies to determine an accurate and suitable model to
predict software maintainabilityTherefore,the motivation ofthis thesisis to empirically

compare and evaluate the application of ensemble meoadabtain moreconsistent ad

accurate predictioresultsby reducingvariance

1.3. Contributions

The investigation of software maintainability prediction using ensemble techniques provides

a number of contributions. First, it enables the empirical exploration of the positive impact of
ensemble models (heterogeneous and homogeneous) by using different types of base models,
and assesses the extent to which these ensemble models provide an improvement in the
prediction accuracy over individual models in the context of software maintaiyebécond,

it enables the comparison between the proposed ensemble models with previous studies
conducted on the most popular software maintainability datasets to determine whether these
models achieve higher accuracy than that obtained in previoussstidiird, it enables the

critical validation of the proposed ensemble models by applying these models to several sizes

of datasets of software maintainability extracted from egmmce software projects or



gathered from public repositories. Fourth, itables the investigation of the impact of

parameter tuning on ensemble models.

1.4.

Research Objective s

The fundamental objective of this thesis is to provide the ability to accurately predict software

maintainability to software project managers. This objedtiaehieved by applying ensemble

techniques on datasets with different sizes and using various base models, along with exploring

the impact of parameter tuning. More specific objectives are associated with the following

three empirical studies

1.4.1 Objective s of the f irst empirical study

T

1.4.2

1.4.3

Investigate the capability &hsemble model® predict change maintenance effort
usingwell-establishediataset$9];

Identify the model that achieves the highest accuracy prediction and compaitteewith
best modl in selectedtudies that operated on the same datasets;

Explore the impact of parameter tuning of software maintainability prediction models

using thecaret package in R

Objectives of the second empirical study

Studythe ability of ensemble models to predict change maintenance affoutrately
usingmore recent and larger datagéts|;
Compare and evaluate the proposed models with the selected models usintpthe

Waikato environment for knowledge analysis (WEKA) tool

Objectives of the third empirical study

Explore the influence of the ensemble model, feature selection (FS), and sampling
techniques in predicting changeonenessising newest and largest datasggs];
Evaluate theeffect of the tuning Mtry parameteihich is the number of variables

randomly sampled for splittinig RF using a grid search



1.4.4 Research questions

The previous objectives can be achieved by providing an appropriate answer for the following
research questionRQs)

RQ1) How effective are individual models at predicting software maintainability?

RQ2) Howdo ensemble models perform in the context of predicting change maintenance
effortsusing wellestablished datasets when compared to the individual models?

RQ3) How do ensemble models perform in the context of predicting change maintenance
effortsusing moe recent and larger datasets when compared to the individual models?

RQ4) How do ensemble models perform in the context of predicting clpmogeness using

thenewest and largest datasets when compared to the individual models?

1.5. Scope of Work

The scope ofhe work includes five primary aspects: maintainability measurements, metrics,
datasets, evaluation measures and prediction models. Their basic concepts and specific

utilisation are described, as well as an overview of related studies.

1.5.1 Maintainability measurement

Maintainability is a dependent variable that may be determined by a wide variety of
independent variables. The ISO/IEC 25010 stanf8iddefined a software quality model as

a collection of attributes that include efficiency, usability, suitability, compatibility, security,
reliability, portability and maintainability. Therefore, maintainability is an essential attribute
of software qulity and is recognised as one of the most challenging measurements due to the
problem of predicting activity in the futuf60]. Software maintainability is described as the
ability of a sdtware system to be easily modified to develop, correct, adapt to changes in the
environment, or meet particular requiremef@8s This descriptionindicates that software
maintainability relies on various aspects of software modification (i.e., adaptation, correction,
improvement or prevention). Furthermore, the ISO/IEC 25010 standard categorizes software
maintainability into five major subharactestics: reusability, to identify the level of the assets
that can be used to construct other systems; modularity, to identify the level of component
independence and the extent to which changes to one component impact on the rest of the



system; analysality, to identify the ease to analyse and investigate (for example) the
consequence of changes or diagnose problems in the software; testability, to identify the
degree to which test criteria for a system can be established and tests to meet the criteria
developed; and modifiability, to identify the degree to which it is possible to modify the
software product without degrading its qualityis thesis predicts software maintainability

using this definitionfit he ease wi t h whi c hneatca odniotfed e Sy ¢
to correct faults, i mprove performance or ot
[8]. Changemaintenance effastmeasures usedn the first and second empirical studiasd

changeproneness measurissperformedn the third empirical study.

1.5.2 Metrics

Metrics are independent variables that capture the element of softwmarginability. Most
of these metrics focus on the quality features of a class and measure specific parts of software
products in these systems, such as inheritance, cohesion and data abstraction. Prior software
maintainability studies utilised a wide vety of OO metrics:C&K [26], Oman and
Hagemeistef6l], L&H [9], Coleman et al[62], Welker and Omaf63], Genero and Piattin
et al [64], Misra[21], and Yuming and Baow€32]. These studies confirmed a relationship
between OO metrics and software maintainability. However, this relationship is considered
nonlinear, complicated, and of low accuyr@t0]. Several of these metrics have been validated
only in a small number of studies, whereas some have been proposed but never used.

OO metrics, which primarily include the C&K6] andL&H metrics[9], have been
widely used owing to their strong relationship with software maintainafpllady 11, 13, 14,
23]. C&K includes six OO metrics: DIT, WMC, NOC, CBO, RFC and LCOM (abbreviations
and detailed definition of these metrics are providetable2.6 in Chapter 2). L&H metrics
[9] involve all C&K metrics except CBO and also include further metrics: MPC, DAC, NOM,
SIZE1, SIZE2 (abbreviations, and detailed definitions of these metrics are preserabtein
2.6 in Chapter 2). This thesis employs L&H metrje§in the first empirical studyC&K and
other OO metrics in the seconempirical study [57] and several OO metricen the third
empirical studie$58], where these metriagereextracted from opesource systems and can

be used to capture the element of software maintainability.



1.5.3 Datasets

Datasets comprise several megrithat include independent and dependent variables. The
datasets are divided into a testing set to evaluate a prediction model and a training set to
construct the modeJ65]. Alternatively, Nfold crossvalidation is used to compare and
evaluate prediction models by equally dividing the dataset into ten folds. One of these folds is
used to test the model, atiee remainder is used to train the model, and this process is iterated
N times with different fold$66]. Moreover, the dasets include three major types: a public
dataset, which is available to use., Quality Evaluation System (QUE&hdUser Interface
Management System (UIM$9]); a partial dataset, which is extracted from available open
source software butnavailable for public use, as the researcher does not provide the dataset
to the public (i.e., datasets extracted from 148 eqmance systen{82]); anda private dtaset,

which is extracted from a private system and unavailable to use (i.e., datasets extracted from
private project$20]). This thesis initially uses the QUES and UIMS datasets, which have been
widely used for predicting software maintainability (i.e., CHANGE metric proposé],in
making the results comparable and repeat@pldn addition, more reent, larger, and public
datasets, namely bug prediction datasets, are investigated to validate and support the previous
result[57]. Finally, this thesis uses the newest datasets, namely refactoring datasets, published
in 2018[58].

1.5.4 Evaluation measures

The evaluation of prediction models is a vital part of any machine learning problem to compare
performance between several models and measure the accuracy of the model in predicting
software maintainability.Several evaluation measurements have been proposed in the
literature to assess prediction models in software engineering prolp&thsUsually,
regression problems use residuals or prediction ef88is whereas classification problems

utilise confusion matrice69]. Some of the most frequently used evaluation measurements
have become de facto standards to measure the prediction accuracy of regression problems,
namely MMRE, Pred(q)35], mean absolute error (MAE), and standardised accuracy (SA).
The formulas and issues related to these measures are provided in Section 3.5.1. Additionally,
the area under curve (AL), considered the most frequently used evaluation measure for the

classification problem in software quality predictionpeformedto compareand evaluate

10



the performance of prediction models for the classification propl¢mUC is dependent on

the receiver operating characteristic (ROC) curve that plots the false positive rate (FPR) on the
X-axis againstthe true positive rate (TPR) on theayis at different threshold settingg0].
Furthermore, baseline measurements can be used to evaluate the performance of the predictors
with the dependent variable (e.g., sample mgdn or sample mediajr2]). MMRE, Pred(q),

MAE, SA, AUC and baseline measures asediin this thesis to evaluate and compare OO

software maintainability prediction models.

1.5.5 Prediction models

Several types of individual machine learning models, such as neural nefh@jtkBayesian
networks [11], linear regressior{32], multiple additive regression tred43], K-means
clustering[33], SVR [73] andMLP [14] have been built to predict software maintainability.
However, despite the large number of studies and models created, only a limited number of
these achieved a reasonable level of predictive accuracy, bdt tiaiteeet the criteria of an
accurate prediction m¢derlPr,edvh.iTHh) i B0 .PT % dq r. /34
0.25[67]. Furthermore, determining thest technigue among individual models is difficult
because the performance of these techniques relies on the datas@hasefdre, it is clear

that there is a considerable need to advance the performance of the individual models, which
can be achievedybbuilding ensemble model#As mentioned previouslyn Section 1
ensemble models have been successfully utilised in various areas of software engineering to
decrease variance, which leads to improved prediction accUiaeynsemble model may be
heterogeneous, merging various types of individual models (i.e., software maintainability
evaluation model based on multiple classifiers combing#di), or homogenous, merging

the same types of individual models (i.e., weighted voting, majority voting and hard instance
[23]). This thesis evaluates and compares the application of bagging, additive regression and
RF as examples of homogenous ensemble modalsstacking andAverage Probability
Ensemble(APE) as examples of heterogeneous ensemble models. Additionally, a range of
individual models are used to predict software maintainability: regression tree (RT), multilayer
perceptron (MLP)mb5rules k-nearest aighbours(KNN), support vector regressioSVR),

naive Bayes (NBandsupport vector machin&¥M). The description of the individual and

ensemble models is presented in Sections 3.1 and 3.2, respectively
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1.6. Thesis Organi sation

The remainder of thithesis is organised as follows:

Chapter 2 provides an SLR of machine learnimgodels for software maintainability
prediction.

Chapter 3describsthe research methodology and experimental design for the three empirical
studies.

Chapter 4 presents the firgmpirical study, which employed various ensemble techniques on
QUES and UIMS datasets to predict OO software maintainability (CHANGE metric). In
addition, the impact of tuning parameters usingctiret package is explored.

Chapter 5 reports the second gmnical study, which used more recent and larger datasets,
namely the bug prediction datasetsd applied data pigrocessing techniques on these
datasetgo improve their quality and to be suitable for software maintainability prediction.
FurthermoreAuto-WEKA tools are used to determine the best prediction models.

Chapter 6 explores the effectiveness of the ensemble model, FS and sampling techniques in
predicting chang@roneness. The machine learning models in this chapter are applied to seven
datasetgecently extracted from opesource software systems, namely refactoring datasets.
Additionally, the impact of tuning th#itry parameter, which is the number of variables
randomly sampled for splitting in an RF, is investigated in this chapter.

Chapter 7 concludes this thesis amtgimmarises the main contributions, research limitations

and some directions for future work
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Chapter2. A Systematic Literature
Machine LMadaficgrg Soft war
Maintainability Predict

This chapter reports on a SLR of rele/gournals and conference proceedings papers that
focus on the topic of software maintainability prediction. This review investigates aR@sof

to comprehensively summarize, analyse and discuss various viewpoints: software
maintainability measurements, metrics, datasets, evaluation measdirgduyal modelsand
ensemble models. The search in this review was focused on the most common computer
science digital database libraries between 1991 until 2018 and 56 relevant stedies

surveyedin 35 journals and 21 conferences proceedings.

2.1. Introduction

The primary objective of this review is to investigate the current state of software
maintainability prediction to discover the progress made, limitations and challenges, along
with future research requirements. To the besmgfknowledge, this is the Bt SLR of
software maintainability prediction for OO systems that comprehensively evaluates a wide
variety of important journal and conference proceedings with respect to specific defined
research questioithisreview differs from the previous review stesl[31, 7579] because it
includes a higher number of relevant journal and conference proceedings in the software
maintainability field. Furthermore different analysis on the selected primary studves
appliedand more additional detailed analysis of each papas provided Previous review
studies focused on ndgbO systemd77-79], or considerednly fifteen studies[31], or
concentrated on a single aspect such as the measurement of software maintainability, the
models employed or the metrics implemer{i&sl 76] In contrast, this study is clagsi the
concept of software maintainability according to three dimensions: the measurement of
maintainability (dependent variable), the metrics considered (independent variables) and the
models employed. This study has applied the research method foctingd@uSLR proposed

by Kitchenhan{80], and has anasgd comprehensivelgach selected study. Therefdrbave
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confidencemy SLR is both novel and hope that software engineering researchers and
practitioners will find it to be a useful resource. The key contributions oCthapterare:
1 This is the firstSLR in the field of software maintainability prediction using
machine leming techniques
1 This SLR is more extensive thaprevious review studies in software
maintainability prediction and investigata broader range of RQs that cover
various viewpoints: software maintainability measurements, metrics, datasets,
evaluation mesures, individual models and ensemble madels
1 Although a number of studies have used machine learning techniques, few have
explored ensemble models and only one of the investigated models met the
model accuracy criteria. So, there is scope for furtheiarelean the software

maintainability prediction field

2.2. Method

The SLR is a commonly and widely applied method in the software engineeringgii¢ld

The review presented here aims to identify, evaluate and interpret all available research
relevant to predicting sof@ve maintainability using machine learning models. This SLR is
based on the quality reporting guidelines as proposed by Kitchenham for performing a SLR in
software engineerin@0], and also takes on board subsequent lessons learned and&ljvice
Three primary stages are established and adjusted to include appropriate steps, namely,
planning, conducting and reporting theview. The planning stage involves the following
steps: determining the needs for a systematic review, which was discussed in the introduction;
evolving an appropriate review protocol to eliminate the possibility of researcher bias. The
conductingstageinvolves the following steps: formulating RQs to focus on the central issues
of this review; developing the search process to conduct search activities; identifying selection
criteria to select appropriate studies; examining quality asses§@®nto evaliate selected
studies in terms of quality; applying data extraction to document the information obtained from
the studies; performing data synthesis to accumulate and summarise the results. The final
reporting stage involves only one step: presenting teesuld discussions to answer each

research question. This process is illustrateeigare2.1.
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*Determine the needs for a systematic review
*Evolve a review protocol.
Planning

* Formulate Research question.

* Develop search process.

* Identify selection criteria.
Examine quality assessment.
Apply data extraction.

* Perform data synthesis.

Conducting

+ Disseminate results.

! * Provide discussions.
Reporting

Figure 2.1: The framework of SLR.

2.2.1 Review protocol

The review protocol aims to direct the implementation of the review and minimise the
possibility of researcher bias. The critical elementthsreview protocol includé&rQs the
search process, inclusion and exclusion crit€#s, data extraction andrally data synthesis.
Furthermore, the review protocol was iteratively developed and evaluated during the

conducting and reporting stages. Details of the protocol are explained in the following sections
(2.22-22.7).

2.2.2 Research questions for SLR

The RQs wee introduced to specify the research boundaries. They were formulated with the

assistance of the (PICOC) critef@®] which recognize RQs from four viewpoints as follows:
1 Population: OO system, software system, application softweséiyare project.

1 Intervention: Software maintainability prediction, predicting software maintenance
effort, change proneness, techniques, methods, models, process and product metrics,
dataset.
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1 Comparison: N/A.

1 Outcomes:Accuracy prediction of software maintainability, building gooddpton

models.

1 Context: empirical or experimental studies in academia and industry, large and small

size of the datasets.

The primary objective of this SLR is to collect and analyse appropriate evidence to
answerthe RQsfor SLR. The motivation of this reviewis to answer a set of seven RQs to
obtain insights into significant aspects tbk research direction, including adwang my
knowledge of software maintainability prediction for OO systems and identifying the
limitations of research so as to define further research directions. The RQs and their motivation
are documented ihable2.1 below.
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Table 2.1: Research questiongor SLR and their motivation.

ID Research question Main motivation

RQ1 What are the definitions of software maintainability? | Identify different software maintainability definitions.

RQ1.1 How can the software maintainability be measured Recognize the software maintainability measurements.
(dependent variable)?

RQ2 What type of OO metrics have been proposed to mea| Identify OO proposed metrics that are commonly being usg
software maintainability? in software maintainability.

RQ2.1 What are the metrics ed (independent variable)? Determine various OO metrics.

RQ2.2 What is the level (e.gclass level, method level) of thes| Identify the level of OO metrics.
metrics?

RQ3 What software maintainability datasets in the literaturg Determine various datasets commonly being used in the th
have been used muild prediction models? software maintainability domain.

RQ3.1 What are the types of software maintainability dataset| Recognize the type of these datase
(e.g, public datasets, private datasets)?

RQ3.2 What tools are used to extract metrics from open sour| Identify different tools to extract OO metrics.
projects?

RQ3.3 What software programming languages are used to w| Determine various software programming languages
system code? commonly being used to collect OO metrics.

RQ3.4 What are the number of classes in the software syster| Identify the number of classes in the software system

RQ4 What are the evaluation measures used to assess the Explore evaluation measures commonly being used in eag
performance of software maintainabiljtyediction software maintainability datasets.
models?

RQ4.1 What approach (e.gcrossvalidation, holdout) is used tq Identify different validation approaches appliedsmitware
evaluate the performance of software maintainability | maintainability prediction models.
prediction models?

RQ5 What type of machine learning problem (e.g. Identify the type of machine learnipgoblem.
classificationandregression) software maintainability
fall into?

RQ5.1 What are the categories of machine learning problem| Determine various categories of machine learning problem
(e.g, supervised, unsupervisatid semisupervisejl?

RQ6 What are the individual prediction models (ergeural Investigate the individual prediction models commonly beir
network, linear regressionjsed to predict software used in software maintainability.
maintainability?

RQ6.1 What are the best performing individual prediction Identify the best erforming individual prediction models in
models? each study.

RQ7 What ensemble prediction models (eliagging, Investigate the ensemble prediction models commonly bei
boosting) are used to predict software maintainability? used in softwarenaintainability.

RQ7.1 What type of ensemble prediction models were Determine different type of ensemble prediction models.
performed to predict software maintainability?

RQ7.2 Do the ensemble models outperform the individual Investigde whether ensemble models represent an

prediction models?

improvement over the performance over the individual

prediction models.
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2.2.3 Search process

The search process must be focused way that allows the identified RQs to be accurately
investigated and includes four steps: choosing the digital libraries, identifying additional
search sources, selecting the interval time of the published articles, and defining search
keywords. The seeh was applied on five sources of the most popular and largest computer
science online digital libraries that publish pesriewed articles:

IEEE Xplore (ieeexplore.ieee.org)

ACM Digital Library (dl.acm.org)

Springer (springerlink.com)

Elsevier (sciencarect.com)

= =2 4 A -

Wiley online library (onlinelibrary.wiley.com)
Furthermore, manual research was applied to include relevant journal and conference
proceedings in the software maintainability fielfhese journals and conferencegre
selectedparticularly sincethey involve empirical studies or literatureviews,and they are
well-established and highly relevant software engineering publications. The selected journals
and conferences are presentedamle2.2 and the information of this tabis collected from
Web of Sciencenfjl.clarivate.con. The search was limited to articles published in the interval
from 1991 to 2018The searclhwasrestrictedin this time interval since machine learning
started to be applied to problems of this nature in the 1E#}sand investigations into
software maintenance began in earnest in123%. Furthermore, research into software
maintainability expanded dramatically with the usage of OO systems in [8%0and no

studies relevant to the identified RQs were found to exist beforedhese
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Table 2.2: Selected journals and conferences.

Number of . Impact Quarter
Source Acronym Studies Published by factor on 5 cate
gory
years
IEEE Transactions on Software Engineerir] TSE 8 IEEE 3.92 Q1
Empirical Software Engineering EMSE 20 Springer 3.49 Q1
Information and Software Technology IST 11 Elsevier 2.76 Q1
Journal of Systems and Software JSS 14 Elsevier 2.40 Q1
IEEE Software IEEE SW 3 IEEE 2.50 Q1
Soft Computing SC 5 Elsevier 2.20 Q2
Software Quality Journal SQJ 6 Springer 1.90 Q2
Journal of Software Maintenance and JSME 6 Wiley 1.21 Q2
Evolution: Research and Practice
IET Software IST 2 IEEE 0.97 Q3
International Journal of System Assurance| [JSAEM 4 Springer 0.94 Q3
Engineering and Management
ACM SIGSOFT Software Engineering ASSE 3 ACM 0.45 Q4
Conferences H-index
International Conference on Software ICSME 4 IEEE 29
Maintenance and Evolution
International Conference on Software ICSE 7 IEEE 68
Engineering
International Conference on Predictive PROMISE 1 ACM NA
Models and Data Analytics in Software
Engineering

A list of search stringwascreatedby integrating appropriate synonyms and alternative
terms with the Boolean operator (AND has the effect of narrowing and limiting the search,
while OR serves to broaden and expand the search) and the truncation symbol (*) which is
used to identify words wh a particular beginning (for example predict* will match with
predict, prediction predicting and predict¢gd].

The followingsearch terms were formulated in this SLR: (software maintainability OR
maintenance effort) AND (predict* OR forecast* OR estimate*) AND (machine learning OR
data mining OR artificial intelligence OR application OR Bayesian network OR neural
network OR Reression OR support vector machine) AND (method OR model OR technique
OR approach AND (metric OR measure¥*).

The role of machine learning techniques has emerged as a recommended technique in
several research fields, and these have often proven to betbattesther techniques (e.g.
human evaluation or statistical method8%]. The fact that worth mention is that some
machine learningechniques based on statistical meth(@ag, NB) and they considereit
this study.However, some studiegereselectedhat do not use machine learning techniques
because these studies answer somenpfRQs. Nevertheless, thishapterfocuses on a
systematic summarisation of machine learning techniques used in software maintainability

prediction and collects the empirical evidence from employing these techniques.
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The endnote system was used to store and organize search results and a spreadsheet was used
to create atable of data extracted from each selected paper. The initial seaedtlappkarch
terms on each selected database as well as the journal and conference proceedings to include
the full document. This procedure returned thousands of irrelevant studies, so it was decided
to limit the search on the document titlbstractand content type (a conference or journal
publication). Several duplicate papers were found in these databases which were subsequently
removed.

Additional studies were determined by referring to the references of identified relevant
studies. After collectig studies from the primary search, the relevant stwadeesselectedy
scanning the title and abstract. Further investigation was performed to determine appropriate
studies by reading the full text. The candidate studies were selected if theheweétria in
Section 22 4. Finally, the selected studies were identified after applyin@#eriteria. The
progress of the search process is presentédgure 2.2 and shows the number of articles
identified at each stage of the selection and filtering process. The steps were iterated until final
agreement was reached. The SLR was completed at the end of July 2018 and 56 suitable studies

werefinally identified.
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each selected database:

IEEE eXplore(91)

Springer Link(31)
Elsevier(51)

=4 =8 —a —a

Number of studies determined b

Wiley online library(30)

1

Number of studies determined b

another source:
\ 1 Journal(82)

ACM digital library (41) 1

Conference proceeding

(12)
Relevant studies in thg
references (44)

A 4 A 4

Number of studies selected after removi
duplication and irrelevant studi€s87)

A 4

Number of studies selected after screenir

title and abstradt139)

A\ 4

Number of studies selected after reading f
text (102)

\ 4

Number of studies passed doclusion and
exclusion criterig66)

\ 4

Number of studies passed our qual
assessmerfb6)

Figure 2.2: Process of primary studies selectian
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2.2.4 Inclusion and exclusion criteria

The results from the previous steps yielded several irrelevant studiesclssion and

exclusion criterisaredefinedin order to filer these out. The inclusion and exclusion criteria

used in this SLR are outlined below:

1. Inclusion Criteria:

T

=4 =2 =4 A4 A4 A -

Studies focus on software maintainability prediction and answer any of
the RQsin this review

Studies are applied on OO systems.

Studies consider machine learning techniques.

Studies are written in the English language.

Studies are published in either a journal or conference proceedings.
Studies are peer reviewed articles.

Studiesreport on comparisons between model predictions.

Studies are the most recent and comprehensive (in the case where
studies were repeated).

2. Exclusion Criteria

1

= =2 = =

Studies do not focus on software maintainability or ansheRQs in
this review

Studies were applied on n@0O systems, such as senodgented,
aspectorientedsoftware, web applications or functional systems.
Studies consider specific aspects of wafe maintainability, such as
code smellsdefects,or fault pronenesslhese studiesvere excluded
because they did not predict any of software maintainability
measurements (i.e., dependent variable).

Studies are not written in English language.

Studies @ not include the full text.

Studies fall outsidéhe definedime frame i.efrom 1991 to 2018
Conference papers in the case where studies were published as both

conference and journal versions.
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Based on the criteria above, sbdix studies were finallgelected. Twentgeven irrelevant

studies were rejected thatherdid not answetheRQsor consider specific aspects of software

maintainability. Fve studies were rejected that focused on-@@h systems, and four

conference papef61, 8688]were rejected because more recent journal versions of the work

have been published.

2.2.5 Quality assessment

The QA stage is performed to evaluate each study identified in the peestep. TheQA

follows the defined quality checklist as proposed by Kitchenfg@h The main objective of

the QA is to evaluate studies and select studies that anbhwd?Qs and to support more

detailed analysis of inclusion and exclusion criteria. QRequestionsare specified below:

)l
)l

= =2 4

= =4 4 A4 A -

T
1

QAL: Does the study define a main research objective or problem?

QA2: Does the study define software maintainability?

QA3: Does the study determine the type of software maintainability
measurement (dependent variable)?

QA4: Does the sidy employ OO software metrics (independent variables)?
QAD5: Does the study indicate the source of the datasets?

QAG6: Does the study use a suitable tool for the extraction of the datasets?
QATY: Does the study identify the programing language of the sgsbeing
analysed?

QAB8: Does the study identify the number of classes in software system?
QA9: Does the study make the dataset publicly available?

QAL10: Does the study use appropriate evaluation measures?

QAL11: Does the study use suitable crestdation techniques?

QA12: Does the study justify the prediction techniques?

QA13: Does the study apply prediction models and identify the best performing
model?

QAL14: Does the study present the results and findings clearly?

QA15: Does the study idengitesearch limitations or challenges?

The scoring procedure of tii@A questions is constructed as a following:
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1 1 represents Yes.
1 0.5 represents Partly.

1 O represents No.

The scores rank the papers into foub ©Oasegoe

O 13), fair (5 O score O 9), an dActriteiiajten( 0 O

studies fail inthis QA. Finally, fifty-six primary studies were selected to conduct this SLR.

2.2.6 Data extraction

The data extraction step is performed to extract data from each selected primary study with the
aim of collecting data that answele RQs Seven main properties were classified able

2.3 with respect tahe RQsequirements.

Table 2.3: Data Extraction properties with their research question.

Properties Research question
Softwaremaintainability measurement RQ1,RQ1.1

Software maintainability metrics. RQ2, RQ2.1, RQ2.2

Software maintainability datasets. RQ3, RQ3.1, RQ3.2, RQ3.3, RQ3.4
Software maintainability evaluation measures RQ4,RQ 4.1

Machine learning problem to prediaifavare maintainability. RQ5, RQ5.1

Software maintainability individual models. RQ6, RQ6.1

Software maintainability ensemble models. RQ7, RQ7.1, RQ7.2

2.2.7 Data synthesis

Data synthesis is applied to extract both quantitative data and qualitative data that forms a body
of evidence from the selected studies that address issues relétedRQs The results are
presented in the form of tables, pie charts, clustered baschkeatter charts and bar charts.
These visualisations enabiteto conduct a comparative analysis between selected studies and

improve the quality of presentation.

2.3. Results

This section summarises the results obtained from selected primary studiedwadesidetails
about the search results, a visualisation of publication years and sources, and following on

from this an overview of th@A outcomes.

24

S



2.3.1 Selected primary studies

In this SLR, fifty-six primary studies were selected to compare and evaluastutties in the
software maintainability prediction domain, and are summaris€dbie Al in Appendix A.
This table provides a brief description of eadlected study and contains the following
attributes: study IDreference the title of the publicationthe authors of the articles (first
author and c@uthor) the publication yeaplace publishedoublication name and publication

type (journal or coference).

2.3.2 Publications years

The publication years of selected primary studies are between the year 1991 and 2018 and
Figure 2.3 shows the numbers of studies published during these years. AfterL&393
provided the QUES and UIMS datasets asappendix to their paper, which motivated
researchers to investigate prediatitechniques on this dataset. Moreover, there is an
indication of increased publications after 2005 when the PROMISE repository was launched
[56], butin this year most of the datasets in the PROMISE repository were for software defect
prediction and none for software maintainabilixfter 2005 the researchersnay be
recognised thémportanceand benefits of public datasetshich makethe empirical study
comparable and repeatalj8j. As a result S55waspublishedrelevant datasetsf software
maintainability predictionn the PROMISE repositorgnd several studiesd., S25, S26530,

S36, S38, 546547, S49 and ShvereusedQUES and UIMSdatasetswhich published as

an appendix irs2

25



5

w 4

%]

2

=

g

= 3

L

=]

z

Ez

=

‘1

0
L e B " ¢ T~ e B -~ B O — T . I o N o B T B~ T e B -~ B - R — T I o B T o " IR - -]
[ T - S S - — O — O — T~ T~ WO — S — S — S — B — R — R — R~ N = T T o T o O o T o I B |
[T - S - R - S — O — R T~ T - O — R — N — N — N — R — D — I — D — N — N — N — N — D — I — B — R — D — N —1
Lo T I I I I T I I I o B o B o B o B o B o NN o B o BN o B o NN o BN o B o B o BN o NN o B o BN o BN o |

Year

Figure 2.3: Number of selected studies over the years.

2.3.3 Publication sources

Of the 56 primary studies selected 35 appeared in journals and 21 in confeféecasst
popuar journal for papers associated with software maintainability prediction is the Journal of
Systems and Software, followed by Information and \&afé Technology, then IEEE
Transactions on Software Engineerifiggure 2.4 illustrates the number of selected primary

studies in each journal.

Journal of Systems and Software |
Information and SoftwareTechnology I —
IEEE Transactions on Software Engineering I

Other Journals I —

(%]
g ACM SIGSOFT Software Engineering I—
% Journal of Software Maintenance: Research and Practice I———_—"
§ International Journal of System Assurance Engineering and Managemen i
§ |IET Software I
i Software Quality Journal I

Soft Computing I

|IEEE Software I

Empirical Software Engineering I
0 1 2 3 4 5 6 7 8

Number of Publications

Figure 2.4: The number of studies in each journal.
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Figure2.5 shows the number of selected primary studies grouped by place of publication (i.e.
digital library database). It can be seen thatmost selected primary studies are chosen from

the IEEE digital library, followed by Elsevier.
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0
IEEE Elsevier ACM digital Springer Link Wiley online
library library

Place published

Figure 2.5: The number of selected studies in each digital library dabase

2.3.4 Quality assessment result

The selected primary studiegere evaluatedaccording to theQA questions described in
section 2.5 and present the results ofgtanalysis infable A2 in Appendix A This table
shows that twelve of the selected studies obtained an excellent ratingtwoieygood rating,
followed bytwelve which obtained a fair rating. However, ten studiesre excludedthat

recorded a poor rating.

2.4. Discussion

This section aims to break down the analysis of the results based upon the RQs identified in
Section 2.2. Each of the questions is considered in turn and the findings from all selected
papers are considered to identify problems, solutions and to analyse the experimental results.
Then, a comparison of the whole topic is conducted to comprehensively undénstamypic

and determine any limitations.
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The first two questions consider software maintainability measurements (RQ1) and software

maintainability metrics (RQ2) and the key differences between these are liStell@®.4

below.

Table 2.4: The differences between software maintainability measurements and metrics.

Software maintainability measurements

Software maintainability metrics

External attribute

Internal attribute

Dependent variable

Independent variable

Measured indirectly

Measured directly

Examines the software in an environment

Examines only the software

Difficult to extract

Easily extracted

Measured after or during execution

Measured withougéxecution

2.4.1 Software maintainability measurement

In this section, the findings in relation to the following Ripsdiscussd

RQ1: What are the definitions of software maintdoiity? andRQ1.1 How can the software

maintainability be measured (dependent variable)?

As software maintainability is not something that can be measured dimegtijmotivation

was to gain insight into the different software maintainability definitaomsmeasures that are

being employed.

A. Software maintainability definitions.

Software maintainability is defined in the IEEE Standard Glossary of Software Engineering

Terminology[8]las At he ease

correct faul t s, i

mprove

with which a

perfor mance

software

sy

or ot he

This definition implies that software maintainability depends on various aspectsvergoft

modification (i.e, correction,

improvement,

adaptation or prevention).

Moreover,

maintainability is one substantial attribute propod&8]j of the set inthe software quality

model that involves: maintainability, efficiency, suitability, usability, reliability, security,

portability and compatibility. However, several selected studies @2¢S16, S18) revealed

that software maintainability is considerasl one of the most challenging measurements of

the software quality attributes, because there are several measurements and not all of them can

be used to predict future activities. Some types of software maintainabilityGelGNGE

metric,MI and changeronenessgan be used as an indirect measure (lependent variable)

based on an extensive variety of metrics,(irelependent variables) and machine learning

prediction models can be applied to make a prediction. On the other hand, other types of
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software maintainability can be measured directly by observation during the maintenance
process and record factors such as time, effort, or numbers of modules investigated. To explore
these issues, different types of software maintenance measuremepressenéd and which
type can be used as dependent variables to make a prediction and capture an element of
maintainability.

B. Software maintainability measurement
The key challenge with software maintainability measurement is that maintainability cannot
be measured directly. Therefore, predictive models are based on indirect measures. Measuring
software maintainability relies on a set of metrics that may be comlimedsoftware
maintainability function. The followingqg.(2.1) is a general software maintainability function
that performs to collect metrics from Al to f89]:

M = F (A1, A2, ¢é , 28n)

The most obvious difficulty from the above function is to iifgrthe appropriate metrics
that can be measured from the source code directly. Various ways can be used to measure
software maintainability, because there are different pmednitions of maintainability.
However, there is i@any commonly agreed appch[89].

The selected primary studies for this SLR included nine types of software maintainability
measurements (sd@@able2.5). For each type of measurement, more details of the definition, a
general form of the equation, value and interpretation of the aafyeesenéd Among these
software maintainability measurements showMable 2.5, maintainability is measured by
counting the number of changes made in the dofld. [9] define change metrics that capture
the element of maintainability by counting the number of changes made in the source code,
where the change could be insertion or deletion. This measurement is performed by several
studies as shown ifable2.5. Another measure of the software maintainability is based upon
corrective maintenance. Lucja0] calculated maintainability effort using four metrics that
count the size and the number of tasks in the system under maintenance and are combined to
produce the actuaffort metric (dependent variable). Adaptive maintenance effort is used by
three studies ifable2.5 and is based on the effort (time) involved in adding, understanding
and deleting in the source code in the system. The study by Oman and Hagd®@ister
proposes th#ll, a composite met calculated from software complexity and quality metrics.
Various selected primary studies have used this measurement as preséatdd 2rb. The
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change proneness maintainability measure is employed by two selected primary[$6jdies

23] as a part of their experiment, and takes the form of a Boolean variable to indicate if a
change is made during maintenance, while the independent variables @&Khmetrics

[26]. Three selected primary studies compute time effort to perform maintenance tasks, while
only one selected primary study calculated the cost of maintenance tasks based on the time
consumed to execute these tasks. The main goal of these studies wastioeet@intenance

time or cost directly rather than construct a new formula or compare the current system with
other systems. Some studies describe software maintainability rather than providing a formula.
This description may be classified depending onwsoke maintainability attributes or
components. Finally, four selected primary studies used other software maintainability
measurements. The explanation of the metrics used in the maintainability equdtadien

2.5 appears irBection2.4.2.

Table 2.5: Summary for software maintainability measurement.

Type of Maintainability Maintainability Measurement o .
Study ID maintenance definition equation value Maintainability interpretation
S2,S20, Change CHANGE, which is CHANGE = F Integer Maintainabilityis interpretedas
S25, S26, maintenance dependent metric, is | (WMC, DIT, beinginverselyproportionalto
S30, S32, effort computed according t¢ NOC, RFC, the number of changes made: a|
S35, S36, the number of lines LCOM, MPC, high value of change indicates
S38, S39, changed in a class DAC, NOM, low maintainability, while a low
S42, S43, where insertion or SIZE1, SKE2), number represents high
S44, S45, deletion are counted a the descriptiorof maintainability.
S46, S47, 1, and modification of | these metrics
S49, S50, the contents is counte({ proposed in Table
S51, S52 as 2 2.6
S18 Corrective Corrective Corrective Time (person A high number of corrective
maintenance maintenance effort maintenance hours) maintenance effort indicates low
computes the effort effort= b1 NA + maintainability, while a low
spent on each phase ¢ b2 NB + b3 NC + numkber of corrective
thecorrective b4 Size maintenance effort represents
maintenance process high maintainability.
(analysejmplement,
produce, define,
design.
S12,S19, Adaptive Adaptive maintenancel Maintainability Time (hours or | A high number of adaptive
S22 maintenance effort computes the Effam= Eff aqqt months) maintenance effort indicates low|
effort effort spent on each Effungt Effger. maintainability, while a low
phase of the adaptive number of adaptive maintenanc
maintenance process effort represents high
(adding, maintainability.
understanding,
deleting, modiftation,
change).
S5, S6, S8, | Maintenance The maintainability Maintainability Decimal A number above 0.8&presents
S21, S28, evaluation by index, which is Index number high maintainability, between
S29, S33, maintainability | dependent metric,isal = 171 1 between 0 and | 0.85 and 0.65 indicates medium|
S48, S54, index single value of a (HV) fcCCo| 1 maintainability, below 0.65
S55 composite metricthat| T 16 . 21 represents low maintainability
compute the function | 50x sin
of four metrics: lines | pycg& # /7 -
of code(InLOC),
cyclomatic complexity
(CC), percentage line
of comment§COM)
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and Halsted volume
(HV).

S47, S56 Maintenance Change proneness, Change Pronenes| Boolean Maintainability change
evaluation by which is dependent =F (WMC, Variable TRUE | proneness is TRUE if the chang
change metric, is a Boolean LCOM, CBO, or FALSE occurs in class or FALSE if the
proneness variable indiating a DIT, RFC, NOC) change does not occur.

change (addition, IF (class change)
deletion or Change
modification) has beer| proneness=
made on a class. TRUE
ELSE
Change
proneness=
FALSE
S7, S17, Maintenance Compute the timeto | NA Time (hours) The greater the amount of time
S37 time perform maintenance spent, the lower the
tasks (including maintainability.
understanding,
developing, and
modifying the
program)

S9 Maintenance Compute three types | Maintenance Cos| Time (person Maintainability is directly related

cost of the costs: testing t= MM+ MMy hours) to maintenance cost.
(MMT), modifying + MMy
(MMM) and
understanding (MMU)

S10, S11, Maintenance Categorise Each study used § NA NA

S14, S15, categorisation | maintenance different equation

S27,S31 according to according to
maintenance maintenance
attributes attributes:

changeability,
stability, analysability,
maintainability and
testability

S1, S13, Maintenance Categorise Each study used § NA NA

S16, S53 categorisation | maintenance different equation
according to according to
maintenance maintenance
components components:

corrective, adaptive

andperfective
S3, S24, Other NA Each study used § NA NA
S34, S40 measurements different equation

It is apparent fromTable 2.5 that there are several types of software maintenance
measurements, these types can be divided into indirect measures and direct measures:

1. Indirect measuregis mentioned early§oftware maintaability is defined as the ease
with which a software system may be modified to correct faults, improve the
performance, or adapt to changes in the environf8gnthis definition capturesow
easy it was for the developertwdify the software producHowever, thenformation
about the ease of change is a very difficult task to achieve and typically unavailable in
thehistorical datasets. To m@se this issue, the proxy measures were used to calculate
the number of changes made in the class&ether or not a change has been made

in the classeslhere are three types that can be wsstkpendent variables to capture
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the element of maintaindity, which are the CHANGE metric (S2, S20, S25, S26,
S30, S32, S35, S36, S38, S39, S42, S43, S44, S45, S46, S47, S49, S50, S51 and S52),
theMI (S5, S6, S8, S21, S28, S29, S33, S48, S54 and S55) and change proneness (S47
and S56) CHANGE metric is more laout the numbers of change that is likely to be
made to a clasdvll is a single value of a composite mefrahange proneness a
Boolean variable indicating a change (addition, deletion or modification) has been
made on a classvhereasmaintainability refers to the ease with which maintenance
changes can be made and implementedsd heeasurementiaveproven to be a good
indicator in predictingsoftware maintainability in severaklected primargtudiesin
Table2.5 andhavestrong relationships with other metrics (independent variaj@gs)
Thereforethese measuremertan be useds dependent variablaspredict softvare
maintainability

. Direct measures: the remaining types of software maintenance measurements are
considered direct measures that are measured software during the maintenance process.
These types include corrective maintenance in S18, adaptive mainteffanda S12,
S19 and S22, maintenance time in S7, S17 and S37 and maintenance cost in S9.

Moreover, Table 2.5 illustrates that relatively few software maintainability

measurements are present in the current literature, and this finding is directly in line with

previous studief1].

Figure 2.6 illustrates the number of selected studies employing the different

maintainability measures. From this figure, it can be seen that by far the most popular software

maintainability masurement is change maintenance effort that used by twenty selected

primary studies which may be attributable to the availability of QUES and UIMS datasets that

use this measurement as the dependent varMbis.recognised as the second most common

measirement, being used by ten studies.
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Figure 2.6: The number of selected studies in each software maintenance typi

2.4.2 Software maintainability metrics

In this sectionthe following research questi®areaddressd

RQ2: What type of OO metrics have been proposed to measure software maintainability,
RQ2.1 What metrics are used (independent variable) 2.2 What is the level of these
metrics?

Software metrics plathe most significant role in building a predictive model of software
maintainability. OO software metrics are divided into two broad categories: product metrics
to measure software maintainability that are based on the quality of software product (e.qg.
number of lines in source code) and process metrics to measure software maintenance that are
based on the quality of software processes, (@ugber of hours to change cod).

In addition, software metrics can be categorized into those basedeonal attributes
that directly measure features of OO software such as inheritance or class cohesion, and
external attributes that indirectly measure features of the software environment such as the
Change metric that capture elements of maintainglbibm sets of internal attribut¢sg].

Furthermore, metrics can be categorised into different levels: method, class, and
application. Method level is used mainly with traditional metrics that involve complexity and
size metrics, such as Halsteamktrics[92] and McCabemetrics[93]. Class level is used

commonly and include those proposed G%K [26] and L&H [9]. C&K presented a
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theoretical work to define a set of software metrics for OO systems based on sound
measurement theory. They defined six metrics as a base su@©fdesigns, namely, DIT,
WMC, NOC,CBO, RFC and LCOM (these abbreviations are expandéalie2.6). L&H
constructed a model to predict maintenance effort based on 11 OO metrics, five metrics of
which came from th€&K set (they excluded CBO) and six more proposed by themselves:
MPC, ADT, NOM, LOC, SIZE1, SIZE2 (also expanded Tiable 2.6) and the CHANGE
metric, which is the dependent variable and based on the number of changes maateincehe
code.Application level metrics are extracted from the application as a whole e.gpevra
subprogram$94] or total number of modules in each applica{@].

There were too many different metrics usedséhected primary studies, and it is so
difficult to describe all these metricBherefore | decided to present the description of metrics
used in software maintenance typalfle2.5). Table2.6 presents the description of the metrics
used to predict maintainability imy selected primary studies, grouped according to type of
maintenance.

What stands out ilable2.6 is the high number of selected primary studies that used the
L&H metrics (20 studies). These studies reported evidence of a strong relationship between
OO metrics and softwammaintainability. However, some studies performkfgtechniques
have not clearly specified the best OO metrics for software maintainability prediction.
Moreover, the total number of selected primary studies that usedltheetrics, which are
widely acceptd in industnf96], is half that of the L&H metrics. It would seem likely tilad
high number of studies using the L&H metrics is due to the availability of QUES and UIMS
datasets that include these metrics, while studies usinlylthmetrics may be due to the

availability of tools to extract and measure these metrics.
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Table 2.6: Summary of metrics used in different maintenance types.

Type of maintenance Study ID Metrics Description
Change maintenance effort S2, S20, S25, S26, S30, S3 L&H metrics
S35, S36, S38, S39, S42, S4 DIT Depth of inheritance tree
S44, 95, S46, S47, S49, S5( NOC Number of children
S51, S52 MPC Messagepassing coupling
RFC Response for a class
LCOM Lack of cohesion in methods
DAC Data abstraction coupling
WMC Weightedmethods per class
NOM Number of methods
SIZE1 Lines of code
SIZE2 Number of properties
Corrective maintenance S18 NA Number of tasks requiring software modification
NB Number of tasks requiring fixing of datg
misalignment
NC Numberof other tasks
N Numberof the total tasks (N=NA+NB+NC)
SIZE Size of the system to be maintained
Adaptive maintenance effort | S12, S19, S22 Eff ada Effort for addition
Effuna Effort for understanding
Effgel Effort for deletion
Maintenance evaluation by | S5, S6, S8, S21, S28, S29, S3 HV Halstead volume metric
maintainability index S48, 54, S55 CC Cyclomatic complexity metric
LOC Counted as a line of code
COM A percentage of comment lines
Maintenanceevaluation by S47, S56 C&K metrics
change proneness DIT Depth of inheritance tree
WMC Weighted methods per class
NOC Number of children
CBO Coupling between object classes
RFC Response for a class
LCOM Lack of cohesion in methods
Maintenance time S7, S17, S37 IL Interaction level
IS Interface size
OAC Operation argument complexity
ID Inheritance depth
Maintenance cost S9 MM+ Man-months to understanding
MMy Man-months to modifying
MMy Man-months to testing

Table 2.7 provides a summary of the metrics used to predict maintainabilitgyin
selected primary studies, grouped according to type (product/prat@sg)vith an indication
of the level at which the measurement is captured.
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FromTable2.7, it can be seen that the majority of the selected primadyest used class level
product metrics (related to the fact that most of the studies are attempting to predict classes
changed in the source code). The table also shows that a large number of selected primary
studies used process level metrics to preggiieation level maintainability, with product

metrics only featuring in a small number of studies for this category of change.

Table 2.7: Summary of software maintainability metrics.
Metrics type Metrics level Study ID

S2, S4, S7, S10, S11, S14, S20, S25, S
Class level S27, S30, S32, S36, S38, S39, S40, S4
S43, S46, S47, S49, S50, S52, S56

. Application level S3
Product metrics

S5, S6, S8, S12, S16, S21, S389, S33,

Class level, method level S41, S44, S48, S54. S55
Class level and application level S45, S51
Application level S13, S17, S18, S22, S24, S31, S34, S3
Process metrics
Application level, class level, S15, S19
Product and process metrics Application level S9, S35

Figure 2.7 provides a visualisation of the dataTable 2.7, and aggregates the total
number of selected primary studies using both metric type and metric level, and clearly
illustrates theopularity of employing product metrics for cldssel preditions, and process

metrics for application levedredictions
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Figure 2.7: The number of studies using metrics type and metrics level.

Figure 2.8 presents the distribution of metrics of selected primary stud®8s.of the

studies used product metrics anéd of the studies used process metrics. Moreover, 4% of
the studies integrated both product and process metrics. The evidence from this result suggests

that product metrics are the majority of metrics used in softwaretameability.

= Process and Product

H Product = Process

Figure 2.8: The distribution of metrics.
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2.4.3 Software maintainability datasets

This section seeks to answer the following questions:

RQ3: What are the software maintainability datasets in the literature that were used to build
prediction modelsRQ3.1: What is the type of software madmability datasetsRQ3.2:

What tools are used to extract metrics from open source prof@3:3: What programming
languages are used to collect metriB€23.4: What is the number of classes in the software
system?

A dataset is a combination of relategts of the data that may be used to perform machine
learning models, and it is considered the foundation of building prediction models. For the
model building the dataset is divided into a training set, which is used as input to train model,
and a testinget, which is used as input to evaluate the mi&#g!

A. Datasets used

The datasets used in the selectaohary studies may be divided into three main types:

1 Public dataset: The dataset is available aspendix or table in published paper or in
a publicly accessible repository, such as the Promise repositories in S23. In 2018,
Hegedus et al. in S55 provided their datasets via the PROMISE repository: one of the
first regarded as suitable for software maimnability prediction[58]. These datasets
were built from extracted OO metrics from seven epeuarce systems arndclude a
calculated MI. Their contribution provides encouragement to the researcher
community to develop more research in software maintainability prediction.

1 Partial dataset: The dataset is not available, but has been extracted from open source
software project repositories such as GitH2i or SourceForgg8].

1 Private dataset: The dataset is notvailable and has been extracted from a private
software system.

Table 2.8 illustrates a summary of different types of the datasets used in the selected
primary studiesWhat can be clearly seenTiable2.8 is most selected primary studies make
use of two public datasets: QUESd UIMSproposed by L&H9]. These datasets are derived
from systems written in Classida as the OO programing language. A further notable
finding is that most of the selected primary studies have been conducted using private datasets,
as opposed to public or partial datasets, which makes many empirical studies of software

maintainability prediction not repesile.
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Table 2.8: Summary of different types of dataset.

Public datasets
Study ID Datasets name Dataset Source Dataset size Dataset link
Commercial software product
S2, 520, S25, 526,1 QUES (Quality Evaluation System) 71 classes Provided as an
S30, 536, S38, 546 Commercial software product] appendix in9]
S47, S49, S52 uIMS P 39 classes i :
(User Interface System)
S11 UML class diagram Bank information systems 27 classes Prowdgd_ asan
appendix in97].
S13 Bank Bank information systems 55 classes Propoi_:,]e[gga]s a tablg
S34 Controlled experiment Academic course 24 classes Propox-_ad'as an
appendix in98].
Spring, Edition, RxJava,| .
S https://zenodo.org/r|
s53 Restlgt, Hado_op, Camel| Open source system in GitHu 1151 classes ecord/8355344 W13
Kotlin, Elasticsearch, [27] 3HOIZY 2%
Hbase Drools, OrientDB
. A L https://zenodo.org/r|
S55 0“?%22"2%3' ot Open So“rc‘fzs%smm NGItHY 10844 classes | ecord/581651#.W13
yX, mct, > map 9Y9lzY2w
Partial dataset
Study ID Dataset Source
S27, S29, S33, S39, S41, S47, S50, S54 Open source system Bourcd-orge[28]
S21 Industrial software
S28, S35, S40, S44, S45, S48, S51, S56 Other open source projects
Private dataset
Study ID Dataset Source
S1, S3, S4, S5, S6, S7, S8, S9, S10, S12, S
S17,5S18, S19, S22, S24, S31, S32, S37, S4 Private projects
S43

Figure2.9 illustrates the number of selected primary studies in each dataset type. From
the chart below which clearly illustrates the difference between the number of studies using
private datasets compared with other types of datasets. However, there are new public datasets
proposed in S53 and S55 that may encourage researchers to appimatieis to predict

software maintainability
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Figure 2.9: The number of studies used each type of the dataset.

B. dataset size
The dataset size may be classified into three main groups: small, where the number of classes
less than 100, medium, where the number of classes less than 500, and large, where the number
of classes is more than 50fgure2.10 provides theaumberof datasets classified by the size
of the datasetThis result shows that selected primary studies were mostly performed on the

larger sized datasets, whiaghproves the validity of prediction models.

16
14
12
[%2]
2
S 10
7]
« 8
@
€
g 6
P
4
2
0
Small Medium Large Unknown
Dataset size

Figure 2.10: The number of datasets classified by the size of the dataset.
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C. Programming language
Most of the datasets were extracted from systems written in Java, G\dssiC#, or C++.
Figure2.11 presents the distribution of tipgogramming language in easklected primary
studies. Java is the most popular language used in the studies which may be due to the

availability of opersource systems written Java.
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Figure 2.11: The distribution of programming languagein each study

D. Tools used for data extraction
The variables in the datasets were extracted from software source by using specifiabbels.
2.9 presents théools used for extracting the independent variables of the selected primary
studies. The dependent variables were typically collected from comparing the first and the last
versions of source software (either manually or by using a tool).

As can be seen froifable2.9, there is a broader range of tools available for Java which

may be a reflection of the popularity of the language adnfitexd inFigure2.11. Extraction
tools that work with C# are used less frequently. Some of the extraction tools can work with

more than one language.
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Table 2.9: The tool extraction independent metrics.

Pr?grammlng Study ID Tool name
anguage
ClassicAda 8322883280525 SSAng 6523 ,0’852 ClassicAda metricanalyser
C S6 HPMAS prior to perfective maintenance modification
S4, S15 An automated data collection tool
C++ S12 Log file
S21 Krakatau metrics professional
S5, S8, S11, S13 Survey questionnaire
C and C++ S17, S31, S34, S37
S35 Resource standard metrics
S45 Logiscope software static analysis tool.
C++ and Java S27, S41544 CCcCC
Java and C# S27, S41 OOMeter
C# S44, S41 Visual studio
C, C++ and Javg S10 Reconfigurable automated metrics for OO software
S16 KLOCwork tool
84562784884185804156 C&K java metric (CKJIM) tool
ObjectAid UML explorer
S51 JHawk tool
Classycle
Java S54 COINS tool
S55 SourceMeter static code analysis too
S56 Defect collection and reporting system (DCRS) tool
Analyst4j
S27, 541 Dependency finder
S28, S51, S41 JDepend
S27, S28, S41 Understand fodava
S41 Java coding standard checker

Table2.10 shows the tools used to identify the changes that have taken place (although

several of the studsedid not mention the tool used to collect the data).

Table 2.10: The tools for dependent metrics extraction.

Study ID Tool name Software maintainability type

S11 Fuzzy prototypical knowledgdiscovery Categorse maintainability into easy,
medium or difficult maintain

S16 Distributed software development (DSD) Categorge maintenance activities as
perfective, adaptive or corrective

S39, S51 Version control system (VCS) Track source codehanges

S43 Eclipse compare plumn Compare changes

S45 Static code analysis tools Calculatethe code change history

S50 Beyond compare Compare changes between two
versions of software

S55 Quality gate source audit Calculaterelativemaintainability
index, similarly to theeommonly
maintainability index measurement

2.4.4 Evaluation measures

This section addresses the following questions:
RQ4: What are the evaluation measures used to assess the performance of software
maintainability predition models?RQ4.1: What are the validation approaches used to

evaluate the performance of software maintainability prediction models?
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Various evaluation measures have been used in software maintainability prediction to evaluate
and compare the accuracy of model performance. The appropriate evaluation measure is
usually based on problem type: regressidassification,or clustering. The evaluation
measures identified in the selected studies are reporfeabie2.11 which also provides the
definition and equatiofor each measure.

FromTable2.11, key findings emerge: the most popular prediction accuracy measures
used for regression problems aftesguaredrethose based on the magnitude of relative error
(MRE, and MMRE)67] and (Red) [11]. However prior studies have pointed out that several
evaluation measures (e./MRE) have bias and instability issues in their resj@g 100]

To resolve these issues, a baseline or benchmark is recommended to compare and evaluate the
performance of the prediction modd@9, 100] For classification problems, the sto
commonly used evaluation measures are recall and precision, followed by addoraeyer,

the previous study stated that the accuracy measure provides misleading results with the
problem of the imbalanced dataset because it tends to measure towardptitg clas§55].

In the selectegrimary studies, mly one study (S56)usedaccuracywith the imbalanced

dataset However,S56 resolved the problem of imbalanced dataset by wsihgeshold of

50% for balance values.

Table 2.11: Summary of evaluation measures used.
Evaluation measures for Regression problems

Study ID Name Acronym Definition Equation
S18, S25, S26, Magnitude of MRE The absolute difference MRE = |actual valué predicted value| /
S29, S34, S38, relative error between the actual value an{ actual value
S44, S47, S54 predicted values divided by
theactual value
S25, S26, S30, Mean magnitude | MMRE It is the mean of MRE.
S34, $38, 549, | of relative error --2%pA  0'YO
S38, S44, S47,
S54
S18, S25, S26, Pred(q) PRED It calculates the proportion o] Pred(q) = k/n
S30, S34, S38, instances in the dataset whe|
S42, S44, S47, the MRE is less than or equ{
S54 a specified value (q). The q i

defined value, k is the
number of states where MRE
is less than or equal to g, an
n is the whole number of
views inthe dataset.

S20, S33, S38 Mean square erroff MSE It measures the average of | MSE = 1/nB ®» , 2
the squares of the difference
between the actuéld) and
predicted(, ) values.

S26, S29 Absolute relative | ARE The Ab. Res. is the absolute| Ab.Res = |actual valuiepredicted value|
error value of residual, which is
the difference between the
actual value and predicted
S32, S42, S46, Mean absolute MARE It is the mean of the ARE MARE=1/nB 0 'YO
S52 relative error
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$20, S36, S46, Mean absolute It is the average of absolute | MAE = 1/nB SR OB
S49, S50, S52 error MAE values of the difference
between® "and® 'Q, where
® "Gs the predicted value an
®"As the actual value
S46, S50 Root mean square RMSE It is the square root between| RMSE= -
error the square of predicted valug
and the actual divided by
number of observations in
the datasetwhere® "0s the
predicted value ané Qs the
actual value
S46, S52 Standard error of | SEM It is the standard deviation | SEM = SD/i§
the mean divided by root of the
number of observations in
the dataset.
S2, S5, S8, S12, | Rsquare R? It presents the proportion of | R-squared = 4(explained variance / total
S16, S17, S18, the variance of the dependel variance), where explained variation is the
S19, S20, S21, variable that is explained by | sum of squares of the residuals (i.e. actua,
S24, S29, S31, the model. predicted) ad total variation is the residual
S32, S33, S34, with respect to the average (i.e. actuals
S36, S48, S51 averageJ101].
Evaluation measures for Classification problems
Study ID Name Acronym Definition Equation
S37, S45, S53, Accuracy It is the number of true Accuracy = (TP + TN) /(TP + TN + FP +
S56 predictions over all types of | FN)
predictions.
S37, S40, S43, Recall It is a proportion of actual Recall=TP /TP + FN
S53, S56 positives that areorrectly
determined.
S37, S40, S43, Precision It is capability of a model to | Precision=TP /TP + FP
S53, S56 correctly identify relevant
instances.
S37, S39, S56 F-Measure It integrates precision and F-Measure = 2 * Precision * Recall /
recall/sensitivity in one Precision + Recall
equation.
S56 Specificity It is a proportion of actual Specificity = TN/ TN+ FP
negative that are rightly
determined.
S39, S40, S43, Area under curve | AUC It is a plot of two parameters
S47 of ROC curve the true positive rate and
false positive rate.
Evaluation measures for Clustering problems
Study ID Name Definition Equation
S11, S31 Mean cluster It calculateshow Mean= 1/nB [AYe]

close the clustering
(nearestlustering)
is to the
preidentified
classege.qg, low,
medium and high
maintainability)by
averageof all cross
clusterpairs, where
a=(atat € ..

**TN: True negatives, FP: False Positie: False Negative, TP: True Positive.
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Figure2.12 shows the number evaluation measures in each machine learning problem used by
selected primary studies.-$juared is the most frequently used evaluation measure for
regression problems (19 studies), followed by MMRE and PRED (10 studies). For the
classifiation problem Recall and Precision were applied by 5 studies. In the clustering

problem, only one evaluation measure was employed.
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Figure 2.12. The distribution of evaluation measures used by selected primary
studies.

Validation is used to evaluate the performance of a trained model on previously unseen
data[65]. There are three major validation types used in the selected primary stuitilels: k
crossvalidation, leaveoneout and holdou Leaveoneout is considered the most extreme
way to perform crossalidation by using all instance8oth methods (i.e. #old cross
validation and Leaweneout) has an advantage over the hold to make predictions on all
datasetsFor this reasonhe main advantage &ffold crossvalidationand leaveoneoutis to
decreasevarianceand has lower variation thate hold-out method.Also, k-fold cross
validation has a particular advantage over hold out, which every row in the dataset presents in
thetraining and test set at least ondewever, holdoutonly needs one run, sosppends lower
time thanother methodsTable 2.12 illustrates the validation types used by the selected
primary studies. A fact that worth mentioning is that this table contains fewer than half of the

selected primary studies, the remaindérthe studies measured software maintainability
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directly without applying prediction models. Therefore, they did not need to validate the
model 6s performance.

Table 2.122 Summary of validation types.

Study ID Validation Types Definition
S20, S37, S39, S40, S45, S46, S47, S49, S52, S| K-fold cross The dataset is divided randomly into K folds (or
S54, S56 validation partitions) of the same size, where dakl is used to

test the model and the remainikdare used as training
data. The process is repeakdimes to select a new
different fold at each iteration. Theernall performance
is based on the average over khest folds.

S18, S26, S29, S30 Leaveoneout It is a logical extreme version offkld cross validation
where k is equal to the size of the data set. One
observation of the total dataset is removed, the
model is constructed with the remaining dataset and
tested in the removed observation. It then repeats th
process by deleting a new different observation and
on for the whole data set.

S4, S17, S19, S25, S32, S36, S38, S42, S44 Holdout It partitions dataset into two sets, where paditionis
used for training the model and anotpartitionfor
testing.

2.4.5 Machine learning problem category.

This section addresses following REE5: What type of machine learning was performed
in the software maintainability domaifiQ5.1: What are the categories of machine learning
problem explored?

Machine learning approaches may be divided into three main groups: supervised,
unsupervised and sersupervised. Supervised learning encompasses two machine learning
problem types: regression and classification, while unsupervised learning comprises clustering
and association. The sesuipervised is a combination of supervised and unsupervised. The
regresion problem predicts a continuous number, where the classification predicts a category
of two or more types. Clustering groups data together based upon attributes and distance
measures, whereas association detects rules that explain a large amoutitaf. thlereover,
supervised learning builds machine learning models to predict output data from the input data,
where the input data has a label. Unsupervised learning builds models from unlabelled input
data. Sembupervised learning builds models to poediutput data from input data, where
some data items have a lal§gb]. Table 2.13 shows the summary of machine learning
problems used by the selected primary studies. As mentioned in the explan&abieadfl 2,
most of the selected primary studies used direct measures to evaluate software during the

maintenance process without performing any machine learning problems.
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Table 2.13; Summary of machine learning problems.
Study ID Machine learning approach | Machine learning problem type

S20, S25, S26, S29, S30, S38,

Regression
S42, S44, S45, S46, S47, S48, S49, S50, S52, S54 | Supervised
S37, S39, S4(543, S47, S53, S56 Classification
S11, S31, S32 Unsupervised Clustering

2.4.6 Individual prediction models

This section explores different individual prediction models used in the selected primary
studies of software maintainability prediction and identifies the superior model in each study.
This section addresses the following questidR@6: What are the individual prediction
models used to predict software maintainabili®®6.1: Which are the best performing
individual prediction models?

Table2.14 presents a summary of the studies that have used individual models to predict
software maintainability, along with the best accuracy prediction model over the most
evaluation measures. The selection of the best model relies on the evaluatsamasehat
compare and evaluate the prediction accuracy of the individual prediction models used in each
study. According to these measures, the best model is selected as a recommendation model in
each selected study. Again as indicatedable2.12 andTable2.13, Table2.14 includes a
subset of selected primary studies, since only these studies used indirect measures to predict
software maintainability and apply machine learning models.

Table2.14 is reportedonly the best model performance regardless of which evaluation
measurements were used. As showrTable 2.14, ssveral selected primary studies have
different recommended individual models to predict software maintainability. However, two

studies have reported that SVR outperforms other selected models.
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Table 2.14: Summary of individual prediction models used with the best model in each study.

Study ID Individual prediction models The best accuracy prediction model
S11 FDP FDP
S20 WNN and GRNN GRNN
S25 BN, RT, MLR (Backwarcelimination) and MLR (Stepwise selection) BN
S26 MARS, MLR, SVR, ANN and RT MARS
S29 LR LR
S30 TreeNet, MARS, MLR, SVR, ANN, and RT TreeNet
S31 K-means clustering K-means cluster
S32 SVM SVM
S36 MLP, WNN and GRNN MLP
S37 LR, DT, CART, BFTree andEGAL-Tree DT
S38 FL, BN and MARS FL
S39 Multivariate model Multivariate model
S42 FF3LBPN, GRNN and GMDH GMDH
S44 BPN, KN, FEFNN, GRNN KN
S45 SVR, MLP, IBk, M5Rules, KStar, GP, AR, REPTree, M5P, RF, RSS, IR SVR

PLS classifier, GS, DS, PR, CR, RBD, LMS, LR, Decision table, LWL,

RBFNN
S46 NeuroGA Approach NeuroGA Approach
S48 MLR based on stepwise selection and backwedirdination methods Stepwise selection
S49 FLANN, GA, PSO, CSA, FLANNGA, FLANN-PSO, FLANNCSA FLANN-GA
S50 GA, Decision Table, RBFNN, BN and SMO GA
S52 NeuroFuzzy approach NeuroFuzzy approach
S54 MLR, MLP, SVR, M5P and RT. SVR
** EDP: FuzzyDeformable Prototypes, WNN: Ward neural network, GRNN: General regression neural network, BN: Bayesian
network, RT: Regression tree, MLR: multiple linear regression, MARS: Multiple adaptive regression splines, SVR: Support ve
regression, ANN: ArtificiiNeural Network, LR: Linear regression, TreeNet: Multiple additive regression trees, SVM: Support ve
machine, MLP: Multilayer Perceptron, GRNN: general regression neural network, LR: logistic regression, DT: decision fee, C
Classification and Regssion Trees, FL: fuzzy logltased, FF3LBPN:Forward[3ayer Back Propagation Network, , GMDH: Group
Method of Data Handling, BPN: Back Propagation Network, KN: Kohonen Network, FFNN: Feed Forward Neural Network, GH
Gaussian processes, AR: Additive reggien, RF: Random forest, RSS: Random subspace, IR: Isotonic regression, GS: Grid sed
DS: Decision stump, PR: Pace regression, CR: Conjunctive rule, RBD: Regression by discretization, LMS: LeastMedSq,IiyWl
weighted learning, FLANN: functiondihk artificial neural network, GA: Genetic algorithm, PSO: Particle swarm optimization, C§
clonal selection algorithm, RBENN: Radial Basis Function Neural Network, SMO: Sequential Minimal Optimization.

The results for an accurate prediction model are recognized if they meet the criteria of
Pred(. 30[34] @ Pr0e.d7(0. 25) O 0. 75 (85]./Exem dhouphMiRE O
suggested criteria are based on relatively old refer¢B4e85] recent studies have employed
these criteria to evaluate prediction accuracy in the software engineering db6#id4].

Also, several selected primary studies have used these criteria, such&2& 330, S38 and
S54. However, S35 suggested that it is a challenging task to meet these criteria.

Table2.15 presents the performance of thMRE value for some selected primary
studies Boldface values in the table indicates the best reddtisrever, several studies in
Table 2.14 did not u® MMRE or had not performed a regression probleml, sauld not
evaluate their performance against the criteria. The sgglhiis table indicates that FLANN
GA: functional link artificial neural networkgenetic algorithm in S49 is the only model that
meets the criteriaf MMRE in UIMS datasetswhile FL model inQUES dataset %38 and
NeurcFuzzy approachn S52 are close to meeting the criteria to build an accurate effort

prediction model.
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Table 2.15: Performance of MMRE value for someselected primary studies.

Dataset name Study ID The t.’est accuracy MMRE
prediction model
QUES S25 Stepwise selection 0.39
S26 MARS 0.32
S30 MARS 0.32
S38 FL model 0.27
S46 NeuroGA Approach 0.37
S49 FLANN-GA 0.32
S52 NeuroFuzzy approach 0.33
UIMS S25 Bayesian network 0.97
S26 SVR 1.86
S30 TreeNet 1.57
S38 FL model 0.53
S46 NeuroGA Approach 0.31
S49 FLANN-GA 0.24
S52 NeuroFuzzy approach 0.28
Five open source Java softwa| S44 KN Mean MMRE: 0.44 for model 1.
systems Mean MMRE: 0.32 for model 2.
Twenty-six open source Java | S54 SVR Mean MMRE: 0.91
software systems

The number of individual prediction models that has been used in selected primary
studies is illustrated iRigure2.13 (fifty -three in total). From thfty -three models shown in
Figure2.13, the five most frequently employed individual models are MLR, SVR, GRNN, RT
and FLANN. MLR is the most frequén used individual model for software maintainability

(six studies).
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Figure 2.13: Individual prediction models used in selected primary studies.

49



2.4.7 Ensemble prediction models

This sectionnvestigatevarious ensemble prediction models used in the studies and compares
the ensemble model performance against individual models. The aims of this section are to
answer the following question®Q7: What type of ensemble prediction models were
empoyed to predict software maintainability? ARD7.1: Are the ensemble models able to
improve over the performance of the individual prediction models?

An ensemble model is a combination several individual models designed to improve on
the accuracy predicn of individual models. They can be classified into two major types:
homogenous that uses the same type of individual models, and heterogenous that uses different
types of individual model§l05]. Moreover, the ensemble models can be categorized into
linear ensembles, which combine the outputs of the base model in a linear manner (e.g.
weighted averaging, averaging) and nonlinear ensembiilésh combine the outputs of the
base model in a nonlinear manner (elgcision tree foresfL06]. Five main selected primary
studies employed ensemble models to predict software maintainability. These studies
emphassed the positive impact of ensemble methods in predicting software maintainability
compared with individual prediction modelable2.16 summarises the ensemble prediction
models used.

As shown inTable2.16 below, different types of ensemble models have been compared
with individual prediction models. The ensemble prediction models in selected primary studies
(i.,e. S40, S43, S47, S53 and S56) improved the performance iofduad models and
increased their accuracy prediction over individual prediction models. Even though the
ensemble models reported a superior result over individual prediction models, a limited
number of selected primary studies applied the ensemble mtmgbsedict software

maintainability (which may be due to the fact that ensemble models are relativei Q18w
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Table 2.16: Summary of the ensemble prediction models.

Does the
ensemble
model improve
S}Lsdy Ensemble Type Er:}s;meble Base models Combination rules The best model the
performance of
the base
model?
SMEM- | ISMEM, DT, BPN NA Ensemble model
- ' ' ' SMEM-MCC
S40 Heterogeneous|  ~\1 =~ MO ( ) Yes
Naive Bayes, Bayes
Network, Logistic, . Ensemble model
S43 Homogeneous RF Multilayer Averaging (RF) Yes
Perceptron
Linear | MLP,RBF, SvM, | Averaging, Wg'ghte‘?'
ensemble M5P averaging and best in Yes
Heterogeneous training
Bae?ng(;ng MLP, RBF, SVM, Averaging Yes
s47 Homogeneous AdaBoost DT Ensemble model
Linear SVM, MLP, logistic Best in training
Zgzel:lnobnle re;;orers;rl:r?q,"?enl(e tie majority voting and Yes
Heterogeneous ) prog 9 decision tree forest
linear means
RF and . Ensemble model
S53 Homogeneous | AdaBoost J48 Averaging (AdaBoost) es
MVEC, Seven individual Majority voting, Ensemble model
WVEC, . . .
556 Homogeneous HIEC. p_art_lcle_ swarm Welghteq voting and (HIEC and Yes
WVHIEC optimization (PSO) hard instance WVHIEC)
* SMEM -MCC: Software Maintainability Evaluation Model based on Multiple Classifiers Combination, RF: Random forest, B
Bootstrap aggregating, AdaBoost: Adaptive Boosting, MVEC: Majority Voting Ensemble Classifier, WVEC: Weighted Voting En
Classifier, HIEC: Hard Instance Ensemble ClassifisfyHIEC: Weighted Voting Hard Instance Ensemble Classifier.

The number of ensemble prediction models used in selected primary studies is shown in

Figure 2.14 (ten in total). The number of homogeneous ensemble models used exceeds the

heterogeneous ones. Furthermore, the linear ensemble is the most frequently used

heterogeneous model, and RF and Adla® are the most frequently used homogeneous

models.
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Figure 2.14: Ensemble prediction models used in selected primary studies.

2.5. Conclusion of Systematic Literature Review

This literature review aimed to identify and analyse the measurements, metrics, datasets,
evaluation measures, machine learning problems, individual prediction models and ensemble
prediction models employed in the field of software maintainability predicén extensive
search was conducted in fivanline digital libraries to select pessviewed articles that
publish in either journals or conferenc€sty-six studies have been selected between 1991
and 2018, and seven main questions have been ansin@redach selected primary study.
This literature review has been performed &.R to evaluate all relevant research evidence
and identify the available studies in the field of software maintainability prediction, with the
purpose to answer certaRQs

The main answer for each research question in this literature review is rep@rigdia
A.1in Appendix A. This figure provides the mind of softveamaintainability prediction and
highlights the most important answers. This visualisation enables us to break down the
complex problem of software maintainability prediction into several solutions accordire to
RQs. As a result, this mind map integrates a whole literature review into one organised picture

to respond tehe RQs as the following:
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There are ten software maintainability measurements used in selected primary studies:
CHANGE maintenance effort, cortae maintenance, adaptive maintenance effort,
maintenance evaluation b¥ll, maintenance evaluation by change proneness,
maintenance time, maintenance cost, maintenance attributes, maintenance components
and other measurements.

There are three main typeksoftware maintainability metrics used in selected primary
studies: product metrics, process metrics, and product metrics combined with process
metrics.

There are three main types of software maintainability datasets used in selected primary
studies: pubt datasets, partial datasets and private datasets.

The software maintainability evaluation measures are grouped by machine learning
problem: regression problebased models include MRE, MMRE, PRED, MSE, ARE,
MARE, MAE, RMSE, SEM and R2, classification ptems include Accuracy, Recall,
Precision, FMeasure, Specificity and ROC curve, and cluster problems include the
mean.

Machine learning models to predict software maintainability involve two main
categories: supervised learning for regression and ctzdsifn, and unsupervised for
clustering.

Fifty-three individual models were constructed by selected primary studies.

Ten ensemble models wereeated by selected primary studies (seven homogeneous
ensemble models and three heterogeneous ensembkds).

Most notably, this is the first study toy knowledge that provides a SLR in software

maintainability prediction. Thereforé,have confidenceny proposed study will be a novel

and hopefully valuable contribution to the area of software mainiiitgagtrediction. The

findings obtained in this study can be used by the researchers to provide an overall overview

of this area. The main findings derived from this SLR are:

1 Relatively few studies have been conducted in software maintainability prediction

compared with other software quality attributes such as defect prediction or fault

prediction.
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Different types of software maintainability measurements were investigated that
roughly equate to ten types. The change maintenance effort was the most common

measurement used by 20 studies, followed byMhewhich is used by ten studies.

Studies of software maintainability metrics were generally categorized into three types:
product metrics, process metrics and product and process metrics. These types were
apgied on different levels: class level, method level and application level. Most studies
used product metrics along with class level measurements (forty studies), followed by
product metrics with method level measurements (fourteen studies), and finedlgpro
metrics with application level measures (ten studies). Overall, the total distribution of
software maintainability metrics is as follows. 79% of studies used product metrics,
17% of studies used process metrics, while only 4% of studies used prudipobeess

metrics.

The L&H metrics are utilised by twenty studies, and these studies confirmed the
evidence of the power relationship between OO metrics and software maintainability.

Ten studies used thl metrics.

Studies of software maintainabilityatasets were broadly divided into three types:
public, private and partial. The most commonly used was private datasets (more than

twenty studies).

UIMS and QUES datasets were the most frequently used (eleven stRdigajding
the size of thelatasets, the result reveal that most studies used either medium or large

sized datasets, which improves the validity of prediction models.

36% of the datasets were collected from Java systems, most likely as a consequence of

the availability of opersour@ systems written in Java.

Even though there were several extraction tools used to collect metrics, most of these
tools were designed for Java. However, some of these tools can work with more than

one programming language.

The evaluation measures are seddcusually based on problem type: regression,
classification or clustering. Bquared is the most repeatedly used in regression

problem by nineteen studies, followed by MMRE and PRED (ten studies). Recall and
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Precision were applied many times in the dfasgion problem. In the clustering

problem, only one evaluation measure was employed.

1 Three primary validation types used in studies d@dkcrossvalidation (48%), leave
oneout (36%) and holdout.

1 The most popular machine learning problems wegeession problems (62% of the
total selected primary studies). 27% of the studies were related to classification

problems, and only 11% of these studies were related to clustering problems.

1 Some individual models achieved predictions that were close tiingdee criteria of
an accurate prediction modevhich arePr e d ( . 3 O[B4] ®OPr @ .d70 25) O
or/ and MMRE], namel§FL bédel in S38 and NewBuzzy approacin
S52. FLANN-GA in S49 is the only model that meets the MMétkeria.

1 MLR, FLANN, RT, GRNN and SVR were the most frequently employed individual
models in software maintainability prediction, with more than four studies using these

models.

1 Ensemble models were used by five (16%) of the selected primary sfuelie340,
S43, S47, S53 and S5&pompared to more than thrgearters of the studies which
used individual models. However, all the ensemble models used in studies yield

improved accuracy over the individual models.

1 Ten ensemble prediction models were applied redipt software maintainability
(seven homogeneous ensemble models and three heterogeneous ensemble models).

1 The linear ensemble was the most frequently used heterogeneous model, while RF and

AdaBoost were the most frequently used homogeneous models.

The findings of this SLR revealed the following guidelines for the researchers in
software maintainability prediction for future work:
1 There is a need for more investigations to be carried out in the area of software
maintainability prediction using machine teang techniques, as only 26 studies from

the selected primary one using machine learning techniques.
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T Only one model meets the model accuracy ¢
so further studies are needed to empirically explore and aim to impgheve
performance of machine learning techniques.

1 Selected primary studies haveportedthe success of using ensemble models to
improve the performance of the prediction accuracy by reducing varisee€able
2.16). However, there is no clear indication of which techniques are more suitable to
predict software maintainability accurately and provide more consistent rédstis.

a limited number of ensemble models (ten in total) were explored by five selected
primary studies. Hence, this limitation is not enough to draw a satisfactory conclusion

1 The QUES and UIMS datasets are publicly available and used by most of tliedsele
primary studies (ten studies) but are small datasets and quite old. There is a need to a
larger number of more recent and more substantial datasets to become publicly
available to encourage an increase in the number of experimental studies of machine
learning techniques

The next chaptgoroposeshe methodologyof this thesigo presentin overview othe

technical backgroundsed inthe empirical stugsin Chapter 4, Chapter 5 a@hapter 6.
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Chapter3. Met hodoflofimyi r IS¢t aldi es |
Sof t wblaient ai nParbeidliicttyy on

This chapter describes the methodology for empirical studies in software maintainability
prediction using ensemble techniques. The methodology of this thesis is based on three
empirical studies proposed in the next three chapoessiswer the RQs in Chapter 1. The
methodology focuses specifically on empirical studies because in software engineering they
are important in supporting decisiomaking in organisations and improving software
developmenf108].

The first empirical study in Chapter 4 uses the UIMS and QUES daf8ketshich are
the most frequently used, as seen in the SLR of Chapter 2, and this helps to compare and
evaluate the investigated prediction models in this chaptermpnathious studies. The second
empirical study in Chapter 5 utilises the bug prediction dat§sé}swhich are larger and
more recent than the UIMS and QUES datasets. The third empirical studyapte€ 6
employs refactoring datasefs8]; according to Chapter 2, these datasets are the newest
datasets for software maintainability prediction. To validate the restdtsstical tests and
effect size measurements were performed in all empirical studies. In addition, to improve the
results, the impact of the parameteensingis explored. The reason for selecting each element
in this methodology is provided in each sewtibelow, whereas the research method and
experimental dataset setup are provided in the next three chapters separately.

The design of this methodology is based on the findings obtained in Chapter 2.
Therefore, this thesis particularly focuses on the stafiythe prediction of software
maintainability, as there were relatively few activities in the area of software maintainability
prediction compared with other software quality attributes. Additionally, ensemble models
demonstrate increased prediction aecyrover individual models, and can be useful in
predicting software maintainability. However, as their application in selected primary studies
is limited, they should be applied, as well as other models, to an extensive variety of datasets
to improve theaccuracy and consistency of results. Furthermore, according to Chapter 2, there

is a requirement to use publicly available datasets for prediction software maintainability to
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make the predictive models refutable, confirmable and repedfdlfg In addition, product

metrics at the class level are the majority of metrics used in selected primary studtegufeee

2.7); therefore, these metrics were used as the predictors for software maintainability in this
thesis. Finally, there is a demand to predict change proneness, which is used by limited selected
primary studies in Chapter 2.

In this chapter, thendividual prediction models useih the empirical studies are
described. The ensemble prediction models are also detailed, followed by a description of
automatic parameter tuning. A brief overview of the datasets used in the empirical studies and
predicton accuracy measures, along with baseline, criteria, statistical tests, and effect size
measurement ag@esentedThe validation technique performed to create the models and the

tools used to implement and analyse the empirical studies are provided.

3.1. Individual Prediction Models

In general, the choice of individual models was based on popularity, good performance, and
selection from different categories. In addition, each individual model has its own advantage.
The models selected are commonly used faregsjon problems. Some of these models, such

as RT, KNN, and SVR, are listed amongst the best ten data mining nibb@IsRT is an
unstable model becausen small changes in the training set may lead to considerable
changes in the model's predictifiriil], and it has the ability to create correlated features.
However, these selection features are not based @ffdwtof the independent variables on

the dependent variablg12]. MLP is a simple neural network configuration that can
effectively manage datasets that are not linearly separable; however, it requires long execution
and cannot predict the minimum time to sf@f@3]. KNN is simpleto perform and easy to
understand, but it does not work properly if the datasets have outliers, noise, or missing values
neighbours[114]. M5Rules is categorised from the tree and has some strengths and
weaknesses, but it has demonstrated betdogmmance than other tree models. M5Rules
produces a series of M5 trees that contain sets of leaves or rules, and the best rule is maintained
from each tree, whereas other trees, such as M5P, create only an individual decigidbjtree

SVR determines the preferable hyperplav@thout dependence on the dimensionality of the

input space antias demonstratesuperior performance with excellent accuracy prediction.
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However, it does not work well with large datasets because it requires a long time to execute
[116, 117]

Regarding classification problems, the most frequently observed individual nlicelels
NB, SVM and KNN)in Table6.1, whichsummaresof FS, datasets and prediction models in
software quality predictionvere usedAdditionally, these modelare among the best five
models for classification problenik18]. NB can estimate the parameters and a model from a
smaller proportion of the dataset, and then, it produces means and variances of the variables
for each class. Nevertheless, it assume®atlifes as independent from each oth#9].

Each one of thendividual models proposed has its advantages and drawbacks.
However, there is no obvious eviderafevhich modelsare more suitable to predict software
maintainabilityaccurately With the goal of improving predictioaccuracy, this thesis used
RT, MLP, KNN, M5Rules and SVR i€hapter 4 and Chapter 5, along wNB, SVM and
KNN in Chapter 6 as the individual models to predict software maintainalditigse models
were created irthe three empirical stuces in this thess using WEKA [120], and their
paramegrs were initialised by applying the default values because this procedure was observed
in several studies in software maintainability in WEK&, 13, 16, 47, 121]n the empirical
studies, thesenodels were used as the base in the ensemble model. Individual prediction
models from different categories were used with the aim of creating an effective stacking
ensemble mod¢ilL22]. In addition to the defult parameter values used as a main method, the
impact of automatically parametesing was assessed as a @detion in each empirical
study.Table3.1 presents a summary of individual prediction models with their category and
name inWEKA.

Table 3.1: Summary of selected individual prediction models.

Model Name Model Acronym Category inWEKA Name inWEKA
Regression Tree RT Trees REPTree

Multilayer Perceptron MLP Functions MultilayerPerceptron
K-Nearest Neighbors KNN Lazy IBK

M5Rules M5Rules Rules M5Rules

Support Vector Regression SVR Functions SMOreg

Support Vector Machine SVM Functions SMO

Naive Bayes NB Bayes NaiveBayes
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3.1.1 Regression tree

RT is constructed using the binary recursive partitioning process. This is a repetitive process
that recursively divides a dataset into partitions or branches by selecting at each stage the
independent variables that have the lowest minimum sum of theesggeviations from the

mean of the two separate partitions. RT measures the prediction eroalcinatingthe
squared difference between fiedictedandactualvalues[112]. This process continues to
divide nodes until the total sum of squared deviations from the average is equal to zero, which

is called the terminal nodé12].

3.1.2 Multilayer perceptron

MLP is an artificial neural network that includes inputd outputayers,along withhidden
layers.Eachlayer comprises one or several nodes (neurons) that connect with eadbyathe
specific weight. The hidden layers combine input data, which is a set of features, by utilising
a linear combinatiofit23]. The hidden layer converts the value frthra previous layer (input

layer) by using a weighted linear summation, whereas the output layer collects the value from
the previous layer (hidden layeihe activation function of the hidden layer enabiles
captureof relationship between inputs andtputs and resolgethe nonlinearityproblem
between them. Also, this function transfers weighted input to autduP usesthe
backpropagation algorithm tmnstrucia neural model from historical training d§t23]. One

of the main characteristics of the backpropagation algorithm is to estimate the error rate in the
output nodes and predict the results. This estimation perfoyroemputing the total loss and
determining the possibility of the loss into each node. Consequently, this algorithm changes
the connected weights betwed#reinput and output by decreasing the loss between them and
assigning lower weights to the nodeshahigher error and vice vergB23].

3.1.3 K-Nearest neighbours

KNN, also called instanekased learning, is constructed by choosing the closest neighbours
in the training dat to predict the target data. First, the KNN algorithm stores all training
instances by applying a linear transformation to normalise the values in the range from O to 1.

In sequence, the algorithm categorises data by selecting the majority class afidbesk
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neighbours or the nearest training instance. This progeissily uses the Euclidean (or other
specified) distance measure to determine the closest neiglbbd}s

3.1.4 M5Rules

M5Rules is built by generating a series of M5 trees, whicllécasion tree designed to predict
numerical values for regression problgi4]. The M5 tree includes groups of leaves or rules
using a separat@nd-conquer stragy. This is an iterative process that constructs a model tree
by utilising the M5 algorithm and selecting the best leaf to transform into a rule. Initially, the
M5 algorithm constructs a tree by partitioning the data based on the values of the predictive
attributes[115]. In sequence, the M5 algorithm calates a linear model for each node by
computing the average of the absolute difference between the actupledicted/alues of
everyobservation# the training seftl 15]. This process typically continues until all instances
have one or more rules. M5Rules has a regression model in its nodes ¢b thiedialue,
whereas the RT has only a constant fitted mean. Therefore, as M5Rules slightly differs from

RT, they can be used to make a different predidids].

3.1.5 Support vector machine

SVM is designed to solve classification problems and is considered a category of generalised
linear classifiers. SVM converts the original dataset training to a higher dimension using
nonlinear mappingl25]. Then, it creates a linear optimal separating hyperplane to separate
the dataset into two classes. Furthermore, there are two lines that create a maximal margin
hyperplane, whosmstanceslefine the boundary line. Sequential minimal optimisati@s

used h Weka as the SVM implementation, and it has several features, such as the ability to
manage very large datasets and faster model creation for sparse datasets and lif2a65VM
Additionally, it can maage complex nonlinear decision boundaries and is less prone to
overfitting than other models. These features help SVM reduce prediction error and improve

overall prediction accurady25].

3.1.6 Support vector regression

SVR is a specific class of SVM designed to solve regression problems. SVR has all the major
features of SVM used for the classification problemihBalgorithms aim to decrease
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prediction error, increase the maximal margin, and build the hyperplane in the high
dimensional space. Additionally, two lines create a margin, namely boundary lines. SVR is

i mpl ement ed Db-insensitive tegiomo mmgd atnh é f-tube)clritiallg,n (i . €
SVR defines a sy mme tinsangtigellosslfundian) td be redudced. dhen, ( 1 . e
it determines the narrowest tube that includes most of the training instances. SVR is considered

an optimisationproblem because it addresses the convex optimisation using numerical

optimisation algorithm§l16, 117]

3.1.7 Naive Bayes

NB is a probabilistic algorithm tfoheadthromel i es
NB applies independence assumptions, which consider features to be independent of each
other. This algorithm uses estimator classes, and this estimation is performed using the

maximum likelihood methoflL19].

3.2. Ensemble Prediction Models

Ensemble prediction models aim to overconeedificiencies of individual models (typically
variance and instability) by combining a set of models to generate a final prediction. Typically,
such a model can be of two types: homogeneous and heterogeneous. Homogeneous models
combine individual modelsfdhe same type (e.gbagging), whereas heterogeneous models
combine individual models of different types (egiacking). The combination rule depends

on the problem type and can either be weighted averaging (regression problem) or majority
voting (clasification problem]105]. The advantages of the ensemble prediction model are an
increase in accuracy prediction compared to individualeisoand prevention of overfitting.

Figure 3.1 illustrates the homogeneous and heterogeneous ensemble prediction model

structures.

62



Input the different type of individual models Input the same type of individual models

Combination rule of Combination rule of

individual models individual models
Combination rule Combination rule
of ensemble models of ensemble models
Final prediction model of heterogeneous Final prediction model of homogeneous

Figure 3.1: Structure of homogeneous and heterogeneous ensemble prediction
models.

There are three main steps in creating an ensemble prediction model. First, several base
models are created in sequential or parakyles based on the ensemble tjf@5]. Second,
all individual models are integrated using the combination fulb]. If the output of
individual models has equal weight, a simple average is performed to combine the models.
Alternatively, if the output of individual modelsas different weights, the individual models
accumulate their weight and assign the highest weight to the loyedsheansquare erroof
the individual[105]. Third, the output of the previous combination is integrated to perform the
ensemble combinatiofl05, 127] With respect to the design of the ensemble arbitrator, the
ensemble modehcludestwo typesof classification nonlinearand linearensemblenodels
In the linear asemble, the arbitrator integrates the outputs of the base models in a linear
method (e.g., averaging or weighted averaging), whereas in thénean ensemble, the
arbitrator integrates the outputs of the base models in dimear method (e.g., MLP)htis
this method does not require assumptions for collecting irft08&. Table 3.2 provides a
comparison between the homogeneous and heterogesresrrable models.
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Table 3.2: Similarities and Differencesbetween homogeneous and heterogeneous ensemble medel
Homogeneous Heterogeneous

1  Combine several base models.

Similarities
1  Aimto increase accuracy prediction of individual models.
Uses the same model type. Usesdifferentmodel types to improve
prediction accuracy.
Uses different training data to obtain a| Uses the same training data.
Differences different model.

Usesthe saméd-Smethodas a part of Uses various FS methods as a part
thehomogeneousnsemble method different base models combined in tl

heterogeneous ensemble model.

In this thesis, the most popular and walbwn ensemble models were selected, mame
bagging[128], additive regressiofiL29], stacking[130], APE [131], and RF[132]. RF was
the most commonly used ensemble model in the SLR in ChaptelTable6.1 in Chapter 6,
which summaries FS, datasets and prediction models in software quality predatitoved
by bagging in the SLR in Chapter 2. Additionally, RF produced the best performance in
changeproneness predictiofd7] and software fault predictiof87], along with APE in
software fault predictiofil31].

3.2.1 Bootstrap aggregating (Bagging)

Bagging is an ensemble technique that enhances the prediction accuracy of a model by creating
separate models of the same type. Initially, the bagging algorithm builds the individual models,
which have an equal weight by randomly gding subsets of the training set iteratively with
replacement. The bagging algorithm collects the results of these models by using voting with
a classification problem and averaging with a regression propl@®]. The bagging
algorithm improves theerformanceof unstable models such as R33], thus two types of

trees werenvestigated when applying bagging. Moreover, bagging is recommended for use
in smallsized training sets such as QUES and UIMS datasets to decrease the variance between
the base models that cause the unstable model prdb&3h The following three major
parametes must be determined in this algorithm:
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1 Base model: the individual model to be used in the bagging algorithm;
1 Ensemble size: the number of individual models to be created in the bagging algorithm;

1 Training set size: the size of the dataset usedmstrut the individual model§128].

3.2.2 Additive regression

Additive regressin is an ensemble techniqueiioreasehe performancef a base regression

model of the same type. This technique is considered a specific case of gradient boosting, as
it begins with an empty ensemble and then augments an initial model with subseqiedst mo

that aim to correct the residuals (i.e., errors) in the predictions of the previous model (or
models) using leastquares at each repetition. In each repetition, the ensemble model creates
a model to therrorsremaining using the model of the pri@petition. Apartof the training

data in each iteration is randomly selected without replacement, for later use as a complete
sample129]. Therefore, additive regression is created by adding the prediction of all models
togethey which leads to a more accurate model. Additive regression decreases the shrinkage
parameter, which manages the shrinkage rate (learning rate) of the procedure (this parameter
ranges from 0 to 1, where small values indicate better perfornm{aBdg), and avoids
overfitting. However, it ioreases the learning tinj@29, 135] The following three major
parameters must be identified in this algorithm:

1 Base model: the individual model used as the Ipaséel in the additive regression
algorithm;

1 Shrinkage rate: shrinkage rate or learning rate is a method to decelerate the learning
model by performing a weighting factor. This rate should be minimised to improve
performance and avoid overfitting;

1 Ensemblesize: the number of repetitions in the additive regression algqfigttm
135].

3.2.3 Random forest

RF is an ensemble model that builds a forest of numerous unprucistbdédrees from the
training dataset. Then, it uses the mode of the classes of the individual trees on the testing
dataset to make a predictidRF is called random because a random sample of the training
data is selected with repetition and forest beeatinvolves several decision treApplying
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this random selection of features leads to more error rates than in the Ad§BR&]st

However, the RF is better in terms of managing noisy [d&2). Moreover, this algorithm

performs bagging on features based oromitgjvoting and selects the dependent variables that

have the highest votg$32]. In this study,RF integrates algorithms of the same types (i.e.,
decision trees), thus it can be classified ds amogenous e nFhe oefallte mo d e
parameters in Weka were applied, in whiwlekacreatesa forest of several decision trees as

the base modeland initialisesa forest to 10Qree instance$l137]. RF depends on four
parameters: the number of treesémstructthe subsample size common to each tree, the tree

depth, and the number of variables randomly sampled for spliti8&j.

3.2.4 Stacking

Stacking is an ensemble technique that improves prediction accuracy and decreases variance
by integrating several models of different types. Stacking works effectively when the base
models have significantly varied categories, such as a combination of neural netwerk, tree
based, and support vector models. The stacking algorithm starts by applyirigetraning
set to train different model types. Each model at this level produces predictions with specific
features In addition, a metanodel is trained on these predictions to generate the final
prediction in a seconkkvel model[130]. Based on the stacking features suggested in the
literature [139], linear regression was used as the combination method and RT, MLP, KNN,
M5Rules and SVR as the base models. The remaining parameters were initialised by applying
the default values in WEKAT he following fourmajor parameters must be determined in this
algorithm:

1 Base model: the individual models to be used in the stacking algorithm;

1 Meta model: the ensemble model that combines the results of the individual models;

1 Ensemble size: the number of individual modelthe stacking algorithrf.30].

3.2.5 Average probability ensemble

APE is a type of heterogeneous ensemble technique that integrates a group of models from
different types and produces a single output. This technique takes advantage of several
individual models to remove prediction errors angbrove accuracy prediction. The APE
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calculates the average for all base models (i.e., individual models) and provides the result as a
single outpuf131, 140]

3.3. Parameters tuning

Parameters tuning technique is the process of changing the parameter settings that control the
features of the machine learning models, such as the size of each bag in RF or the number of
nearest neighhos in KNN [141]. This process aims to improve performance and reach
optimal results. However, limited studies in software quality prediction have investigated the
impact of parameter tuniri@42], and no studies discussed in the SLR in Chapter 2 have used
parameter tuning. A possible explanation for this limitation might be that parameter tuning
requires considerable time and effort. For example, tuning all thenptees of KNN requires

at least 17000 different configuratio$43]. To resolve this issue, parameter tuning is
proposed to evaluate and compare various paransetgigurations and select the best
configurations that achieve the highest prediction accuracy. Therefore, three different methods
of automatic parameter tuning were evaluated. The following subsections present a description
of these methods.

3.3.1 Caret package

Caret, which is an abbreviation for classification and regression training, is a package available
in R to create prediction models and automatically tune their paranjgfets Various
features have been developed and included in caret package, such aspiateegsing, data
splitting, feature importance, feature selection, parallel processing, visualisation and model
tuning[145]. In this thesis, visualisation was used to present the correlation between metrics
in the datasets in Section 4.4.5 and Section 5.4.5 and model tuning was performed to
investigate the impact of parameter tuning in Secfi@dn3 and Section 6.5.5, whereas other
features of caret package were not used in this tli&mist package is one of the more practical
ways of performing parameter tuning due to its ability to evaluate the impact of parameters,
select an optimal modeind estimate the prediction accuracy of mofiei®]. In particular,

this package evaluates and compares several combinations of parameter tuning and chooses

the optimised setting that performsth the highest prediction accura¢¥41]. The caret
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package creates and predicts models by removing the syntactical differences between several
functions. Among these functiorthie train controlfunction evaluates the performance of a
trained model using validation methodst4]. In this study, teffold cross validation was
performed(i.e., CV in thecaret package). Therefore, parameter tuning is based on the training
sets, which are divided into a testaetl a trainingsetin the validation method. Additionally,

the train function selects thenethod(i.e., prediction models) anhetrics(i.e., evaluation
measurements)The values of the parameters tuning in each prediction modeése
automatically selected bysing a grid oftuning parametersThe grid size by default i3,

where p is the number of parameters tuning in a given mddél. For instance, two
parameters (gamma and lambda) are included in regularized discriminant analysis model, so
the grid size n this model generates nine combinations of these two paranjibiéis
Therefore, the parameter space in caret is not explored exhaustively. Also, the types of
parameter are chosen automdljcaising default types proposed time caret packageror
example, Caret tries different values of the nearest neighbours (K) parameter in KNN; then, it
selects the optimal model that records the highest prediction acciBewiarly, caret
performs a combination of two parameters tuning in SVM, namely the scale function and the
cost value to control radial basis function and the complexity of the boundary, respectively
[147]. However, thevaluesand types of parameteran be manubl identified insidethe train

function In this thesis, the individual models and the ensemble models that used these
individual models as the baseodel are tuned automatically usittge caret packageAll
prediction models in Chapter 4 wezeeated again using tloaret package to compare their
performance with the default values created by WEKA. Furthermore, all prediction models
except RT require other packages, along edttet. For example, the RWeka package is used
with caret to initialse the base model parameter inside the ensemble id8lTable3.3

lists the packages and methods used to create the prediction models in Chapter 4. In this table,
all the models (i.e., base and ensemble models) and all packages (including models RWeka
packag) are created and tuned by R.
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Table 3.3: Overview of packages and methods used to create prediction models.

Prediction .
Package Methods Base model parameter in ensemble model
model
RT caret rpart NA
caret, RSNNS
MLP mip NA
and Rcpp
KNN caret,kknn knn NA
caret, rJava,
M5Rules RWeka and M5Rules NA
RWekajars
SVR caret,e1071 svmLinear2 NA
caret, rJava,
. . . RT:weka.classifiers.trees.REPTree
Bagging RWeka and weka/classifiers/meta/Bagging - ) )
. MLP:weka.classifiers.functions.MultilayerPerceptr
RWekajars B
KNN:weka.classifiers.lazy.IBk
. caret, rJava, .
Additive " . . M5Rulesweka.classifiers.rules.M5Rules
. RWeka and weka/classifiers/meta/AdditiveRegressi - )
regression ) SVRweka.classifiers.functions.SMOreg
RWekajars
. caret and ) algorithmList=(rpart, mip knn, M5Rules,
Stacking caretList .
caretEnsemble svmLinear?)

3.3.2 Auto -WEKA

Auto-WEKA, used in Chapter 5, is an automatic tool that implements several types of machine
learning models with different integrated selected features and tuning parameters in WEKA
[149, 150] This tool tries different hyperparameter settings and selected features for several
models and provides the best model performance using the Bayesian optimisation method
[149, 150] Recently, Auto-WEKA was combined with WEKA as a package and was

constructed to pesfm regression algorithms, performance metrics and paralle[Td8F

3.3.3 Grid search

In Chapter 6, parameter tuning is performed on RF using a grid search withdtenoss
validation. Grid search is the process of exploring the search space of the hyperparameter
values with the specification of parameter pairs and evaluation meesirg.g., AUC). This
process is iterated via tdald crossvalidation until the optimal hyperparameters are
determined, which results in the highest prediction accufbgy]. Grid search is created

using the tunegrid function in R, along with the randomForest, mlbenclcaagidpackages

to build the RF model. RF depends on four parameters: the number of toeestiwict the

subsample size common to each tree, the tredrdaptl the number of variables randomly
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sampled for splitting138]. However, only the last parameter was tuned (i.e., the number of
variables randomly sampled for splitting), using Mtry variable in R. The rationale for focusing
on just the Mtry parameter is because there is no clear iraficatitheory of which value of

this parameter is more appropriate under most circumstfi®&jsTherefore, the grid search

usa in Chapter 6 is considered a linear search, in which the vector of candidate values ranges
from 1 to 15. These values were initialised because there is no recommendation to select the

number Mtry parametgi.38].

3.4. Datasets

This thesis used sets of three types of datasets that are publicly available and suitable for
software maintainability prediction. Public datasets were seléatéte empirical studies to
enable comparison and reproducibility, which helps to improve n&sea the software
engineering aredn this thesis, appropriate independent variables (metrics) were selected to
predict software maintainability along with the dependent variable (maintainability). The
details of the selected variables are explaindderexperimental data setup in Chapters 4, 5,
and 6, andhe general overview of these datasets is provided in the next sections.

3.4.1 Change maintenance effort s

In Chapter 4, change maintenance efforts datasets (i.e., QUES and UIMS), proposed as an
appendix in9], were used. These datasets include the CHANGE metric collected from three
years of software maintenan{®. The QUES and UIMS datasets are publicly available,
accurately validated, and widely used in software maintainabilityigiren studieg7, 11-13,

16, 18, 88, 152Therefore, they were selected to enable comparison with previous studies and
contribute to the field of OO software maintainability prediction. Cla&sia is an OO
programming language developed by Software Productivity Solutions, Inc. QUES and UIMS
are ®ftware systems written using the ClasAita language. Moreover, a Classida metric
analyser tool was used to extract metrics and build datasets from these §ykt€tasslevel

metric data of 71 and 39 classes were collected for the Q&8 IMS datasets, respectively.
Table3.4 lists the definitions and descriptions of the OO metrics selected in this study.
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Table 3.4: Definitions and description of L&H metrics [9].

Independent Definition Description
variable
DIT Depth of inheritance tree This metric determines the depth of a class in the hierarchy by calculatin
length of the path from the root class, and the root class is zero in the clg
hierarchy.
NOC Number of children This metric calculates the total number of child classes that inherit directl
from a given class.
MPC Messagepassing coupling This metriccalculates the total number of messages sent out from a clasg
RFC Response for a class This metric calculates the sum of the total number of local methods, alon
with the number of methods called by local methods in the class
LCOM Lack of cohesion in methods | This metric calculates the total number of disjoint sets of local methods v
least one instanced variable and one member of the disjoint set, wherea:
disjoint sets are a group of sets that do not intersect with eacH@ther
DAC Data abstraction coupling This metric calculates the total number of abstract data tyyze are
instances of another class declared within a class.
WMC Weighted methods perclass | Thi s metric calcul ates the total
of all methods in a class.
NOM Number of methods This metric calculates the totalimber of local methods defined in a class.
SIZE1 Lines of code This metric calculates the total number of semicolons in a class.
SIZE2 Number of properties This metric calculates the total number of attributes and local methods d¢
in a class.

3.4.2 Bug prediction datasets

In Chapter 5, five datasets publicly available, primarily designed to support the problem of
bug prediction, were used. These datasets were extracted from fivesapea software
systems: Eclipse JDT Core (997 classes), Eclipde PIY1,562 classes), Equinox framework
(439 classes), Lucene (691 classes) and Mylyn (2,196 cl§sggd)hey were collected at the
class level and included a collection of several metrics, bug changes, and version information
about the systeff®7]. These datasets are composed of the data collected from the CVS change
log at biweekly intervals, and include classified ped¢ase defect counts extracted from each
class in the system, along with a collection of 17 source code metricsn@Okametrics)

and 15 metrics calculated from CVS change log data for each class in the[&8kMhese
datasets (initially proposed in 2010) have been primarily used in software defect prediction
studies[154, 155] However, no previous study has investigated these datasets for the
prediction of software maintainabilityTable 3.5 lists a brief description of each metric

(independent variable) used in this study.
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Table 3.5: Summary of class level source code mets¢57].

CK metrics

LCOM Lack of cohesion in
NOC Number of childre
DI'T Depth of inheritan
CBO Coupling between o
RFC Response for <cl atg
WMC Wei ghted method co

OOmetrics

NOMI Number of methods i
NOPM Number of public m
LOC Number of Ilines of
NOPRA Number of private a
NOA Number of attribu
Fanln Number of other cl assesg
NOPRM Number onietpirdadvsat e

NOM Number of methods
NOAI Number of attribute
NOPA Number of public at
FanOu Number of other cl assesg

3.4.3 Refactoring datasets

InChapter6s even publ i cly av ai[d8jamdlcalectddafronactasstiesel p u b |
were used, namely antl{(436 classes)unit (657classey MapDB (439classey mcMMO

(301 classep mct (2162classey oryx (536c¢lassey and titan (148&lasses The datasets

were initially collected to investigate the impact of code refactoring (changes made to the
structure of the internal sour cernatbeltheaourwhi ch
of the codg53]) on maintainability and the original datasets contain source code metrics
including refactoring metrics, along with a score for maintainability at both method and class
levels[58]. These datasets wecellected from a total of 37 subsequent releases of systems
from seven opesource Java systems located in GitHRB] and were combined into one
manually validated dataset for each of the sesysstemd58]. To t he best of t
knowledge,these datasets are considered the newest datasets in software maintainability

prediction and have not been utilised in previous studies to predict cipaogeness.Table
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3.6 lists the metrics used as independent variables and their category, and the description of
their abbreviations is provided irable C.1in Appendix C.

Table 3.6: Metrics used as independent variables and theicategories[156].

Category Metrics

Cohesion LCOMS5

Complexity NL, NLE and WMC

Coupling CBO, CBOI, NII, NOl and RFC

Documentation AD, CD, CLOC, DLOC, PDA, PUA, TCD and TCLOC

Inheritance DIT, NOA, NOC, NOD and NOP

Size LOC, LLOC, NA, NG, NLA, NLG, NLM, NLPA, NLPM, NLS, NM, NPA, NPM, NS, NOS, TLOCLLOC,
TNA, TNG, TNLA, TNLG, TNLM, TNLPA, TNLPM, TNLS, TNM, TNPA, TNPM, TNS and TNOS

Code duplication CCL, CCO, CC, CI, CLC, CLLC, LDC and LLDC

Warning WarningBlocker, WarningCritical, WarningInfo, WarningMajor and WarningMinor

Rules Android, Basic, Bace, Clone implementation, Clone metric, Code size, Cohesion metric, Com

Complexity metric, Controversial, Coupling metric, Coupling, Design, Documentation metric, Empty
Finalizer, Import statement, Inheritance metric, J2EE, JUnit, Jakarta amnifogging, Java logging
JavaBean, MigratingToJUnit4, Migration, Migration13, Migration14, Migration15, Naming, Optimizg
Security code guideline, Size metric, Strict exception, String and StringBuffer, Type resolution, Unne
and Unused Code andilnerability

Refactoring REMOVE_PARAMETER, ADD_PARAMETER, REPLACE_MAGIC_NUMBER_WITH_CONSTANT
REMOVE_ASSIGNMENT_TO_PARAMETERS, INTRODUCE_EXPLAINING_VARIABLE|
INLINE_TEMP, REMOVE_CONTROL_FLAG, CONSOLIDATE_COND_EXPRESSIOI

CONSOLIDATE_DUPLICATE_COND_FRABIENTS,
REPLACE_NESTED_COND_WITH_GUARD_CLAUSES, INLINE_METHOD, EXTRACT_METHOI
REPLACE_EXCEPTION_WITH_TEST, INTRODUCE_ASSERTION, RENAME_METHO
REPLACE_METHOD_WITH_METHOD_OBJECT, MOVE_METHOD, HIDE_METHOL
INTRODUCE_NULL_OBJECT, INTRODUCE_LOCAL_EXTENSION, EPRACT_SUPERCLASS,
EXTRACT_INTERFACE and MOVE_FIELD

3.5. Prediction Accuracy Measures

This section presents the prediction accuracy measures used in the empirical studies, which

include measures for regression and classification problems.

3.5.1 Measures for the regression problem

Prediction accuracy measures are applied to evaluate and compare OO software
maintainability prediction model§.hesemeasures are adopted from the standard measures;
generally, in the scope of regression problems and specifically in the field of OOrsoftwa

maintainability prediction, the following evaluation measures are used.
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MRE [35] is calculated by the absolute difference between actual and predicted ealdes
further dividing the difference by the actual values, as seen in Eg. (3.1)
0 YO & $ (3.1)

MMRE is the mean of MRE, where n represemts humber of observations over a
dataset, as seen in Eq. (3.2)
00YO-B YO (3.2)

Pred[67] is the proportion of all the instances in the dataset where the MRE is less than
orequalto a specified valueysually25% or 30%, asecommendeth software effort
prediction studief34, 67] The pred value is calculated as shown in Eq. (3.3).

01 QR - (3.3)

wherer) is a defined value, k is the number of instances where the Mé&tailderthan
or equal to g, and n is the number of instances iwtiae dataset.

MAE [65] is the average of the absolute values of the difference betwé&amdwQ
where® "(s thepredicted value ané "@ the actual value, as seen in Eq. (3.4).

MAE=1/nB st O'G (3.4)

SA[99] is proposed based on the mean absolute residual (MAR), as seen in Eq. (3.5).

YO p —— pmm (3.5)

0 6 'Y isthe mean absolute residual of the prediction modelpand is the mean value
of random guessing. This random guessing is repeated a considerable number of times;
Shepperd and MacDong#19] suggested 1000 runs. However, they stated that a considerable
number of random guessing would produce the same result as using the samp@9inean
Therefore,b 6 'Y was computed from the baseline, presented in Section 3.5.3.

These measures have emerged as the de facto common accuracy measures, namely
MMRE, Pred (q) and MAE. According to Chapter 2, MMRE and Pred (q) were used by ten
selected primg studies, whereas MAE was used in six studies. Moreover, MMRE and Pred
(q) measures angsuallyapplied in empirical software engineering studi 157]and were
employed in pasf71], recent[18], and several other studies on software maintainability
prediction[7, 11-13, 16] However, MMRE has a bias issue towards models that provide
underestimated results; it is also an ualdk measure and does not always determine the most
accurate modglL58, 159]
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Although Pred(q) is based on the MRE measure, it is considered reliable and less sensitive to
the variance and outliers of MRE valy&60]. However, Kitchenham et al. stated that MMRE

and Pred evaluate only the spreméh d t he Kkurtosis of the resic¢
divided by actual values). Hence, they also recommended evaluating the central location and
skewness of these valu@$]. Korte and Port reported that the spread and kurtosis parameters
are logical and good indicators for the prediction accufaé@]. To date, there are no
commonly accepted alternative measurements to measure software effort. To overcome these
limitations, researchers hageggested further measurements, such as creating a baseline of
the predicted valug®9], visualising the boxplots of the residugsd, 161]and performing
statistical tests based on the residuals and effecf1€)9¢ MAE is also suggested to be used
because it is unbiased and does not depend on ratios, as the [@R|REowever, MAE is

based on residuals, which amet standardised, thus it is difficult to explain and evaluate
among several datasd89]. SA was suggested as a response to this issue, as it depends on
MAR, which is the same as MAR9]. All these suggestions are considered in the empirical
studies in Chapters 4 and 5.

3.5.2 Measure for the classification problem

Many measures have beguplishedin the literature teestimatethe predictionaccuracy of
models in software engineering problef6g]. In Chapter 6, onlyone prediction accuracy
measure, AUC, iperformedto compareand evaluatéhe performance of prediction models,
and it ranges from 0 to 1. AUC is based on the ROC that gthpHPR on the-axisagainst
the TPR on the yaxisat variousthreshold setting[70].

Eq. (3.6) calculates the value of AU[ZO0], where i represents observations,
p 1 represents (TPR) =——,| representdFPR ) =—— , and these values are
extracted from the confusion matrix presentedable3.7.

6Y6 B p 1 & -Yp I & (36)

whereY p 1 indicates p f p 1 ,andY indicates | 8

According to asystematic review of FS techniqugl, AUC was the main and most

frequently used evaluation measure for classification problems in software quality prediction.
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In addition, it is considered wetinown and commonly employed in software ntaimability
prediction[48, 74, 162]along with chang@roneness predictidi6].

Table 3.7: Confusion matrix [163].

PREDICTED CLASS (NO) PREDICTED CLASS (YES)
ACTUAL CLASS (NO) True negatives (TN) False Positive (FP)
ACTUAL CLASS (YES) False Negative (FN) TruePositive (TP)

3.5.3 Baseline

The baseline measure is used as a benchmark to evaluate the performance of the predictors
with the dependent variable or{ly.g., CHANGE metric or chang®oneness) that disregards
other independent variableéEhe ZeroR model, whicdls implemented to deterine a baseline,
relieson the mean of the predicted values for the regression problem or majority céitegory

the mode valuedpr the classification problefi64]. Therefore this models performed as a
reference to investigate the improvements of the prediction models, but it deestnittute

to the prediction valug465]. Several studies used the base]Be 72, 166, 167whichrelies

on either the medi67], median[72], boxplots for the residual85, 161] ortheZeroRmodel

[71, 166] FernandeDelgado et al. performed 179 classifiers on 121 datasets and used ZeroR
as a percentage of the majority class in the classification problem to evaluate the classifiers
[166].

In this thesis, baseline is used in the empirical studies to predict the mean value for the
regression problem in Chapters 4 and 5. The majdatyses for the classification problem in
Chapter 6 and the boxplots of the residuals, which are based on actual predicted values, are
used as further measures to evaluate the predicted models. Overall, the use of all these
measurements (i.e., MMRE, Prgii(MAE, SA and AUC) as evaluation measures, along with
the baseline and the boxplots ensures an increase in conclusion stability and avoids choosing
inferior modelg100, 168]

3.5.4 Criteria

Thesuggested criteria to build an accurate effort prediction model for regression problems are
Pred(0. 3B@4orPr ed.(mM0 25) O 0. 75 [63]rHowavat, if MMMRE O

prediction models do not meet the proposed criteria, the prediction model is still acceptable
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because it iardto constructan accurate model for software maintainability prediction that
satisfies these criter{@0]. Although the suggested criteria were proposeoldrstudies34,

35], severalrecentstudies are still being performed to evaluate prediction accuracy in the
software engineering problefh02-104]. In terms of classification problems, AU&tends

from O to 1, a higher value indicates better results and 1 is the optimal (eesdtfect
classifier) Additionally, 0.5indicates no discrimination, a value from 0.7 to 0.8 indicates an
acceptable result, a value from 0.8 to 0.9 is recognised as excellent, and any values higher than

0.9 are considered outstanding resl&®].

3.5.5 Statistical tests and effect size

The test of significance is used to validate the results accordingetinadlhypothesis. The
oneway analysis of variance (ANOVA) F tefdt70] was carried outusing the residuals in
Chapters 4 and 5 and AUC values in Chapter 6. ANOVA was selected because there were
more than one pair of variables analysed. This test was performed to investigate whether the
group population means (i.eperformance of the prediction models) were significantly
different between each individual model and ensemble models. Factor A indicates the
prediction models, grouped by each individual model, and ensemble models. For example, the
prediction accuracy diérence (better or worse) was analysed to evaluate whether it was
significant between RT as the individual model and bagging, additive regression, stacking and
APE as the base model. ANOVA evaluaths relevance of the evidenegainst the null
hypothesis The null hypothesis (§)l states that there is no statistically significant difference
in all the group population means, whereas the alternative hypothepsstdtes that there is
a statistically significant difference in at least one pair of meangnWhis rejected, Hlis
accepted. A statistically significant result for the ANOVA experiment is typically defined as
U = 0. 0 5-yaluewas evaluhted aqd compared with this defined Vidltne p-value
i s smal | eis refedied.rConseguiyHa smaller pvalue obtained by the results
provides evidence against.HHowever, a larger-palue is not evidence thaphs$ true, which
may sometimes happen due to the data analysed.

Therefore, to further understand the strength of a result,fdet size is also used, which
is considered an essential component for understanding the results of empirical5fidies

Among the various effect sizes introduced in the literatures efau a r?)ewchs selegcted

77



because it is a suitable measure for ANOVJA71]. Cohen proposedthe standard
classifications ofhe effect sizeswhichares ma 10/101) ( @ me ®.0gyann ¢ al al¥)ge ( A0
[172]. Eq. (3.6) computes the valuedt
{ 4bHHHH
"S A7 mi (37)
SSeffect ighe sum of squares of the effeahdSStotalis the total sum of squargs71].

Additionally, ifHoi s rejected, multiple comparisons ar
confidence intervalfl70] to identify which pairs of FactoA are significantly different. If a

confidence interval does not includgtien the pair is significantly different.

3.6. Validation

An essential rule indolding machine learning models is not to tagainstthe datasets used

in training [142]. Therefore, the tefold crossvalidation method is employed in all the
empirical studies in Chapters 4, 5, and 6 to build @redict models. This method is widely

used across different machine learning problems. Furthermore, most selected primary studies
(i.e., 48%) in Chapter 2 performeefddd crossvalidation. It separates tlvehole dataset into

ten equal folds, where one dbis utilised to train, and the remaining augéilised for testing.

This procedure was repeated ten times to select different folds for the test. Finally, the results
of the iterations were averaged. Tieid crossvalidation decreases the variance by agerg

the validation accuracy for all ten partitions. Therefore, the final accuracy is less sensitive and
has lower variation than that provided by other validation methods, such as the singlethold
method. The main advantage of this approach is tlmatgin of accurate performan{gs,

125]. Figure3.2 presents the tefold crossvalidation implementation.
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Figure 3.2: Ten- fold crossvalidation.

3.7. Tools

Two tools were used, namely WEKA and R, to produce the results of the empirical studies.
These tools are open source and freely available, and this motigagzschers to conduct
research and replicate results. The description of these tools is presented in the following

subsections.

3.7.1 WEKA

WEKA is a Javabased suite of machine learning softwdr20]. It has a collection of Java
class libraries that implement several machine learning techniquet§AW¢ an open source
software that includes several features with a provision for data preparation, regression,
classification, association rules, clustering and visualis§tid@). The empirical studies in

this thesis use this tool to build and evaluate OO software maintainability prachctidels

by using default parameters.

3.7.2 R

R is a language for graphics and statistical computing that includes a different collection of
statistical and graphical techniques for the analysis and visualisation ¢ dakdt is a free
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tool created by lhaka and Gentleman and developed by the R Development Cofé7”dam
The empirical studies in this thesis use this tool to visualise the correlation of the datasets and

to investigate the impact of parameter tuning in Chapters 4 and 6.

3.8. Summary

This chapter presentbe research methodology applied to predict software maintainability
using ensemble techniques. The basic concepts of the prediction models, which include both
individual and ensemble models, were provided. Subsequently, different methods of parameter
tuning were introduced. An explanation of the prediction accuracy measures was
demonstrated, with baseline and criteria used for comparison. Then, the validation used to
build and predict models was determined. Finally, the tools used to perform the empirical
studies were identified. The proposed research methodology provides the foundation for
conducting empirical studies in this thesis. The next three chapters will show the application
of this methodology in three different empirical studies, including uaridatasets, and a

description of the experimental data setup
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Chapter4. Fi rEsnmipi ri calEnStumdy e
TechniqgRPResdtit ot Change
Mai nt enande i Efgfldr t
Est abl Dasthaesdet s

This chapter empirically evaluates the performance of homogeneous (i.e., agbadylitive
regression) and heterogeneous (i.e., stacking) ensemble models against a range of individual
models (i.e., RT, MLP, M5Rules, KNN, SVR) when applied to the QUES and UIMS datasets
that extracted from OO systerf¥. The primary objective is to investigate the capability of
ensemble models to increase or decrease prediction accuracy over individual models.
Furthermore, another objective is to identify the model that achieves the highest prediction
accuracyand comparé with previous studies that operated on the same datasets. In addition,
this chapter aims to investigate the impact of parameter tuning of the software maintainability

prediction models using tlearet package in R.

4.1. Introduction

Various softwaremaintenance measurements have been used in selected primary studies in
Chapter 2. The most critical observation is that most of these studies used the change
maintenance effort measurement for predicting software maintainability, which uses the
CHANGE metic as a dependent variable to capture the elements of software maintainability
[9]. Therefore, this chapter used the CHANGE metric as the most selected in primary studies
in Chapter 2, which measures maintainability of OO systems by calcullagirigtal number

of lines added and removed in each class during the maintenance process. The higher the
number of CHANGE metrics, the higher the maintenance effort and the lower the
maintainability[7, 11-13, 1518, 88, 152]Furthermore, Chapter 2 stated that several selected
primary studies focused on employing machine learning on the QUES and UIMS datasets that
include ten independemetrics (i.e., L&H metrics), along with one dependent metric (i.e.,
CHANGE metric). Althou) the QUES and UIMS datasets are old (i.e., since 1993) and small
(i.e., contain 71 and 39 classes, respectively), they were used to make the prediction models
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repeatable and comparalpy. The presenthaptermakes several noteworthy contrilamurts
as follows:
1 This empirical studyisel well-established datasessid providedadditional evidence
whichindicateghatthehomogeneous models improvaetdictionaccuracycompared
to most investigated individual models in both datasets, whereas the heterogeneous
model improvegrediction accuracgompared to most investigated individual models
in the QUES dataset only
1 This empirical studycompare the best proposed modeith the best model in the
selected studieand foundthatKNN asthe individual model, or as the base model in
additive regression, achieved the best prediction accunatyonly amongstall
investigated models in both datasbtg also againsthe best mdel inthe selected
previous studies in the QUES dataset
1 This is the first studyexploting the influenceof parameter tuningn the QUES and
UIMS datasets

4.2. Motivation

For the purposes afomparison and to gain advantages of replicability, the potential papers
are selected, whicbonsidered in the review according to the following selection criteria: a)
Papers must be published with at least one of the major computer science libraties: IEE
Elsevier, ACM, or Springer. b) Papers should aim to predict software maintainability of OO
systems. c) The study in the paper must utilize machine learning models; either individual or
ensemble. d) The study in the paper must be applied to both QUESBMS datasets. €) The
study in the paper must present MMRE as an evaluation me#sueeableeffective
comparisondecauseMMRE measurewas usedfrequently inChapter 2more than other
measures, such as MABeeTable2.11). Criteria (d) and (e) tend to be very restrictive criteria;
however,| provide these since the performance of the models differ with different datasets
[16] and with different evaluation measures as \&B], and without them the results will be
difficult to compare and generalisSeable4.1 summarises the selected papers which meet these
criteria. All these papers created machine learning models to predict software maintainability

using default parameters.
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Table 4.1: Summary of selected paper using machine learning models to predict software maintainability.
The best prediction
model

ID Author Year Ref Prediction model

Bayesian network, Regression tree,

S1 Koten and Gray 2006 (11 Backward elimination, Stepise selection Bayesian network
S2 Zhou and Leung 2007 [12] MARS, MLR, SVR ANN and RT MARS
S3 Elish and Elish 2009 [13] TreeNet, MARS, MLR, SVR, ANN, and RT TreeNet

Aljamaan and Elish et

S4 al 2013 [88] MLP, RBF, SVM, M5P and ensemble mod Ensemble model

S5 Ahmed and AlJamimi | 2013 [7] FL model. BN model, MARS model FL model

S6 Kumar and Rath 2015 | [152] Hybrid Neural Network Hybrid Neural Network

s7 Elish and Aljamaan et 2015 [16] MLP, RBF, SVM, M5P and mukimodel Multi-model ensembles
al. ensembles

S8 Kumara and Naikb et al| 2015 | [175] NeuroGenetic NeuroGenetic

S9 Kumar and Rath 2017 [18] NeuroFuzzy approach NeuroFuzzy approach

A key observation from the aforementionedTiable 4.1 is that theutilisation of
individual machine learning models has been investigated in settghaissto predict software
maintainability accuratelyEven though a wide range of techniques have been employed by
previous studies, there is no consistent best model emerging from their r@fidtefore, a
much more meaningful comparison of these studies tiwélprediction modelsireprovided
to determine the best model using the MMRE evaluation measure.

Ensemble models have been applied across a wide range of software engineering
problem dorains such as fault prediction to increase accuracy prediction over individual
models[176]. However, as mentioned in Chapter 2, less attention has been given to the usage
of ensemble models in the software maintainability domain. Additionally, the most obvious
shortcoming inTable 4.1 is that a model that achieves consistently high software
maintainability prediction accuracy fails to emerge. These studies used a wide variety of
individud models, along with heterogenous ensemble models in two of the studies. No
homogeneous ensemble models were used in any study.

Parametersuninghave been proposed in software quality prediction studies to improve
the performance of machine learning mied#41, 142, 166]JHowever, very few sties have

investigated the impact of tuning parameters (e.g., only 20% of the papers in the defect
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prediction literature)142]. Recently, investigators have examined the effectaraft package

in R, which automatidly tunes parameters and requires minimal researcher knowE6igje
Theirresults demonstrated a very effective improvement of the prediction accuracy of models
with tuning parameterfl66]. Additionally, a recent study acknowledged that the use of the
caret package in R in prediction models provided results 40% better than using default
parameter settingd41].

4.3. Research Method

The primary objective of this chapter is to evaluate the performance of ensemble models to

predict software maintainability as compared to individual models. A secondary objective is

to determine the model with the best prediction performance among #stigated models

and compare it witthe besprediction models in thereviousselectedtudiesn Table4.1. A

third objective isto investigate the mpact of the parameters tuning of the software

maintainability prediction models using tbaret package in Rlo perform these objectives,

the following RQdor the first empirical studgre provided

RQ4.1) How effective are individual models pitedicting change maintenance effort

RQ4.2) How do homogenous ensemble models perform in the context of predicting change

maintenance effort when compared to the individual m@dels

RQ4.3) How doheterogeneousnsemble models perform in the context of mtaty change

maintenance effort when compared to the individual models?

RQ4.4) Which prediction models (the bgstoposed model in this empirical study or the best

model in the selected studies) provide the best prediction accuracy?

RQ4.5) What are theféects of parameter tuning on the performance of the prediction models?
The overall process of the empirical study is showFigaire4.1. This figure illustrates

three main experiments to compare model performance. These models are used on two well

known public datasets collected from OO system maintenance: QUES and UIMSisThe f

experiment wagonducted to select the best individual model performance among a set of

commonly used regression models, i.e., RT, MLP, KNN, M5Rules, and SVR. The second

experiment assessed the performance of homogenous ensemble models (baggiditj\eend ad

regression) in comparison to individual models. The third experiment evaluated the

performance of a heterogeneous ensemble model (stacking) against both the individual models
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and the homogenous ensemble models in the second experimeny, REirt@thparison was
performed between the best prediction model friis empirical study and those from
previous selected studidsnally, the impact of the parameters tunwfghe proposed models

is investigatedising thecaret package in R

Identify the best
homogenous Identify the best
ensemble model ACompare the model performance
ACompare the erformance. performance

between
performance of heterogeneous

individual models ensemble model ACo;npare the f
and individual periormance o
ACompare the models our dprloppﬁed
: performance - model with
Identify the best between Identify the best previous studies
individual model homogenous ensemble model
performance. ensemble and performance.

individual models

Figure 4.1: The process othe first empirical study.
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The framework of the empirical study is illustratedrigure4.2 below.

" QUES and
UIMS
. dataset
‘."' \\.
S Test data
data :

Build model Test model = —
= —— R |
RT | MLP KNN M5Rules | SVR
.| | o ———

e Y 3 Evaluate

Ensemble model
v o .

H 1.1 | |
i Heterogeneous ensemble
model (Bagging and 5
Additive regression) gludalStakie] ‘

L

Results and Analyses

I

‘ Result

Conclusion

Figure 4.2: Framework of the first empirical study.

4.4. Experimental Data Setup

The following subsections identify tHendamental elements for the experimental setup:

maintainability, metrics, and data ppeocessing.

4.4.1 Dependent variable: maintainability

In this study, maintainability is definday the CHANGE metric, which calculates the total

number of lines added and didd in each class during maintenance pd@dThis metric
canbebaddi ti ondé or O6deletiond or O6content chan
whereas any 6cont e le] Thehetore glasées that haceonanygeahd as 2
lines are considered to have a low maintainability value, i.e., require high maintenance effort,
whereas those with few changed lines are considered to have high maintainability value, i.e.,
require little maintenance effort. Ed.1) presents a funicnal relationship between software

maintainability and OO metrics that will present in next section.
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Software maintainability = Change metric= f (DIT, NOC, MPC, RFC, LCOM, DAC,
WMC, NOM, SIZE1, SIZE?2) 41)

4.4.2 Independent variables: metrics

Metrics are independent variable measures that aim to capture the concept of software
maintainability. This study uses L&H metri{®] that have been used widely owing to their
strong relationship with software maintainabil[iy0-13, 21, 73] These metrics include ten
independent variables to measure specific parts of the system and one deyemalaetto
capture the concept of software maintainabilitiie definitions and descriptions of the OO

metricswasprovided inTable3.4 in Section3.4.1

4.4.3 Datasets pre -processing

The datasetwere assessatcording to recommended greocessing techniqug$25]. The
fundamental advantage of QUES and UIMS datasets is that they do not involve any missing
values andncomplete or noisy cases, reflecting their high quality. For this retisemata
cleaning techniqueras not required to appliurthermore, both datasets have a small number

of records, (39 for UIMS and 71 for QUES); therefore, it was not necessapplipany data
reductionor FS techniques. Previous studigg 11-13, 1518, 88, 152]indicate that these
datasets have been used without the application of anyrpcessing techniques.

4.4.4 Descriptive statistics

The primary objective of preliminary statistical analyses is to characterise the datasets (range
anddistributionof values) and also determine the relationship between independent variables
(OO metrics) and the dependent variable (CHANGE metrigure4.3 andFigure4.4 present
boxplots of metricen QUES and UIMS datasetsespectively

As shown inthese figuresNOM and SIZE2 have approximately the same median, mean
andStdevin both datasets, which suggests that the systems are of approximately equal size in
terms of numbers of classes and meghda contrast, the median and mean of SIZE1 in QUES
have considerably higher values than those in UIMS. The most notable metric is that NOC has
a zero value for all the data in QUES dataset. Consequently, there is no inheritance in the

QUES dataset, and®LC values have no influence on predicting maintainability. However,
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NOC wasnot removed from QUES dataset, since several studies used this njétricl-13,

15-18, 88, 152] Furthermore, DIT and DAC nrécs have small values for the median and
mean in both datasets, which indicates that an inherited class and data abstraction are rarely
used in both systems. The CHANGE metric in the QUES dataset has a higher median and
mean compared with the UIMS datgsnd this variation indicates that more maintenance has
been performed in the QUES than in the UIMS dataset. Moreover, RFC and MPC in QUES
dataset have a greater median and mean compared to UIMS dataset, thereby emphasising that
the coupling between clsss in QUES dataset is higher than that in UIMS dataset. However,
LCOM has similar medians and means in both datasets, indicating that both datasets have the
same cohesion. Finally, this table indicates that UIMS and QUES datasets have different
charactestics. Consequentlythis finding agrees with a previous finding that the
characteristics of the UIMS dataset differ distinctly from those of QUES datastie
datasets are recognised as heterogeneous; therefore, a software maintainability prediction
model is constructed separately for each dafdsét-13, 1518, 88, 152]

500
450
400
350

2 300
™
< 250
= 200
150
100
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M DIT [l NOoC [ MPC RFC
B LCcoM [ DAC B wMC H NOM
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Figure 4.3: Boxplots of metrics in QUES dataset.
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Figure 4.4: Boxplots of metrics inUIMS dataset.

4.4 5 Correlation between metrics in the datasets

The Pearson correlatiowhich is the welknown statistic§125] measureshe strength of a
linear relationship between two variables. This correlation is either a strong positive
correlation (i.e. the value close to +1) or a strong negative correlation (i.e. the value elose to
1); also it can be uncorrelated (i.e. the valuea¢do zero)177]. Furthermore, the sign of
correlation coefficient determines the direction of the relationship between variables, which is
either a positive relationship (+) or a negative relationshigd fie positive relationship occurs
when the source code metrics irases, the change metric increases, and vice \48%a
According to Hopking125], these values may be interpreteda®ws: any value equal to 0

is trivial, 0.1 is small, 0.3 is moderate, 0.5 is large, 0.7 is very large, 0.9 is nearly perfect, and
1 is perfect.

Table4d2l i sts the results of Pearsonb6s correl
datasets. This table is divided irttwo triangular matrices: the upper right triangular matrix
represents the correlations between the metrics in the UIMS dataset, whereas the lower left
triangular matrix represents the correlations between the metrics in QUES dataset. The results
obtained fom Table 4.2 highlights thecorrelations between the metrics in the UIMS and
QUES datasetsThis result provides evidence of a strong relationship detwalmost all

metrics except DIT and NOC with the CHANGE metric. Furthermore, there are strong
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correlations between some metrics with each othey, Size2 with NOM (0.98) and Sizel

with WMC (0.96).

Table 4.2: Correlations between the metrics in UIMS (upper right triangle) and QUES (lower lift
triangle).

DIT NOC MPC RFC | LCOM DAC WMC NOM SIZE2 SIZE1 CHANGE
DIT 1 -47 0.05 -0.22 -0.19 -0.43 -0.22 -0.35 -0.40 -0.18 -0.33
NOC NA 1 .03 0.20 0.12 0.32 0.22 0.23 0.26 0.17 0.47
MPC 0.01 NA 1 0.74 0.50 0.43 0.62 0.54 0.55 0.67 0.60
RFC 0.10 NA 0.33 1 0.79 0.62 0.90 0.93 0.89 0.90 0.79
LCOM 0.12 NA -.10 0.82 1 0.36 0.79 0.75 0.67 0.81 0.66
DAC 0.39 NA 0.01 0.63 0.56 1 0.44 0.75 0.86 0.51 0.72
WMC -.13 NA 0.13 0.73 0.57 0.57 1 0.83 0.76 0.96 0.77
NOM 0.12 NA -0.11 0.81 0.88 0.80 0.70 1 0.98 0.87 0.75
SIZE2 0.20 NA -0.08 0.80 0.83 0.88 0.68 0.98 1 0.81 0.78
SIZE1 0.01 NA 0.37 0.79 0.53 0.63 0.89 0.69 0.70 1 0.75
CHANGE | -0.08 NA 0.46 0.38 0.04 0.08 0.42 0.14 0.14 0.63 1

A visualization of correlation between metrics on QUES and UIMS datasets is shown in
Figure 4.5. The scale in this figure shows how the colour maps to the strengths of the
relationship. The value from 1 represents a strong positive correlation, whereas the values at
1 indicate a strongegative correlationt is evident fromFigure4.5 that most metrics have
light blue colour, with more dark blue in UIMS than in QUES which indictttes most
metrics have a moderate to large positive correlattas.noteworthy thatnetricswere not
eliminated becaus®ne of the objectiveof this chapters to compare this study wifirevious
studiesandmost previous studiassed all metricsvithout performing F$7, 11-13, 1518, 88,

152]. Also, previous studies didot indicate thathe datasetsufferfrom any problems, such
ashigh dimensionalirrelevant or redundant featurtsat requireapplying FS[7, 11-13, 15
18, 88, 152] Additionally, these matrics have been validated asdown as a good predictor
of softwaremaintainability[9].
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Figure 4.5: The correlation between metrics.

4.5. Results and Analysis

This sectionprovidesthe results and analysis of the empirical study conducted. First, the
performanceof the investigated models was compared: individual models (RT, MLP, KNN,
M5Rules, SVR), homogeneous ensemble model (bagging and additive regression), and
heterogeneous emable model (stacking) applied on the QUES and UIMS datasets. In
addition, the statistical testseaplorethe difference between individual and ensemble models

for each dataset were applied. Then, the best performing model was compared with the best
modelin the selected previous studies. Finally, the impact of parameter tuning of the ensemble
models wasnvestigated

4.5.1 Results of the first empirical study

Table4.3 andTable 4.9 present the results of the prediction accuracy measures obtained by
applyingprediction models on QUES and UIMS, respectiv8oldface values (highlighted

in light green) in the table indicate the best results for each experiment and boldface with
underline (highlighted in dark green) refer to the best results in all experiments that are the

lowest (MMRE and MAE) or the highe¢Pred(.25), Pred(.30), and SA) depending on the

measure.
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Moreover, this section provides the statistical tests of the first empirical study usiagpne
ANOVA, as proposed in Section 3.5&eeTable 4.4, Table4.5, Table 4.6, Table4.7 and
Table4.8 for QUES dataset anhble4.10, Table4.11, Table4.12, Table4.13andTable4.14
for UIMS dataset ANOVA was performed using the residuals values of the prediction models
to investigate whether the performance difference between the group population means is
significant or not. Factor A refers to each individual model, along with these individual models
as the base models in the ensemble models. For example, FactdbaBed.4 includes the
results othe residual values for RT as the individual model and as the base model in bagging,
additive regression, arsfacking

A. Results of QUES dataset
First, Table 4.3 summarises the results of the prediction models on the QUES dataset. The
baseline measure in thidta depends on the dependent variable only (i.e., CHANGE metric)
and calculates the mean value of this variable. The results of the baseline show that all the
prediction models have better results than the baseline. For example, the MMRE of the
baseline iqual to 0.99, and all the prediction models have values lower than this.

Among the individual models, KNN achieved the best result in all accuracy prediction
measurements. SVR was the second best model in all accuracy prediction measurements
except Prd(.25), which recorded the highest values (0.42) in RT, whereas SVR recorded
(0.41). Because of the minor difference between SVR and RT, SVR was considered the
seconebest individual model. This finding is consistent with another study which states that
KNN improved the prediction accuracy compared to other m¢Ha#. In addition,previous
study stated that SVR achieved high prediction accuracy and considered arsidatid. 79].

After building a bagging ensemble on each individual model, it clear that this model
improved the accuracy prediction for only MLP, M5Rules and SVR. Although bagging had a
negative impact on KNN, KNN outperformed all other models in all accuracy predictions.
However, bagging had a minor impact on the accuracy prediction of SVR. Accoodimg t
statistical tests presented below, there were no significant differences in terms of the residual
values among all the individual and bagging ensemble models

It was evident that the additive regression ensemble model improved the accuracy
predictionof individual models except RT and did not impact KNN; KNN showed the same

result with this model and as an individual model. Additionally, as mentioned in the bagging
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case, KNN as the base model in the additive regression model outperformed all ather bas
models in all accuracy predictions; SVR was the second best after KNN. Finally, it was evident
that the prediction accuracy of additive regression ensemble models in most cases was better
than that of bagging ensemble models.

The stacking ensemble meldmproved the performance of individual models, except
KNN. Moreover, it performed better than both bagging and additive regression on all their
base models except KNN. Stacking improves accuracy prediction if the individual models are
chosen from varios categories such as RT from tree and KNN from lazy, as was performed
in this experiment. Finally, the prediction accuracy of heterogeneous (stacking) ensemble
models, in general, was better than that of homogeneous (bagging and additive regression)
ensembe models.

KNN as an individual model or as the base model in additive regression is the only model
that was close to meeting the criteria of an accurate prediction mentioned in Chapter 3 because
it achieved an MMRE value of 0.26, and the criterion f0lRE i s MMHR@&]. Reed0 . 25
values of 0.65 and 0.68 were obtained for P&&j(@nd Pred(.30), respectively, and the criteria

for Pred Pred(.30) O 0.70 or Pred (.25)
Table 4.3: Performance of the prediction modeldor the QUES dataset.

ar e:

QUES Dataset MMRE Pred(.25) Pred(.30) MAE SA
Baseline 0.99 0.30 0.32 32.71 0
Individual models
RT 0.45 0.42 0.48 26.24 19.79
MLP 0.50 0.30 0.42 28.71 12.22
KNN 19.75 38.85
M5Rules 0.49 0.39 0.41 23.39 27.45
SVR 0.38 0.41 0.52 20.33 37.86
Homogeneous ensemble modelBagging
RT 0.48 0.37 0.41 22.61 30.87
MLP 0.39 0.48 0.56 19.89 39.21
M5Rules 0.45 0.37 0.45 28.72 32.23
SVR 0.38 0.44 0.54 20.42 37.59
Homogeneous ensemble modelAdditive Regression
RT 0.47 0.39 0.44 26.23 19.80
MLP 0.52 0.35 0.45 28.43 13.07
KNN 19.75 39.63
M5Rules 0.47 0.42 0.45 23.85 27.07
SVR 0.35 0.48 0.54 19.85 39.32
Heterogeneous ensemble modelStacking
Stacking (RT, MLP, KNN, 0.32 0.48 0.54 19.80 39.47
M5Rules, SVR)
DEIRIGEE_H: represents the best results in all experiments
Light green: represents the best results for each experiment
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SecondTable4.4, Table4.5, Table4.6, Table4.7 andTable4.8 list oneway ANOVA results

in the QUES dataset using the residual values for RT, MLP, KNN, M5Rules, and SVR and
ensemble models, respectiveiyom these tables, the results of theapues were higher than

the dé i (U

(Factor A) are the same in all tables. This indicates that the performance of the individual and

ned value o#s accep@d gnd all thd graupe dfouliation meéhs
ensemble models in terms of the residual values was not significanglsediffrom each other

for Factor A. Furthermore, the results of thesaared reveal that the effect sizes in all tables
are small because all the stguared values are close to 0.01, which is considered small
according to the standard classificationblshed in[180].

Table 4.4: One-way ANOVA for RT and ensemble models in QUES dataset using the residuals.

Source SS um of Degrees of Mean Square F P-value Eta-Squared
quares Freedom
Factor A 2076.45 3.00 692.15 1.27 0.29 0.01
Error 153018.62 280.00 546.50
Total 155095.07 283.00

Table 4.5: One-way ANOVA for MLP and ensemble models in QUES dataset using the residuals.

Sum of

Degrees of

Source S Mean Square F P-value Eta-Squared
quares Freedom
Factor A 5413.90 3.00 1804.63 2.54 0.06 0.03
Error 198690.89 280.00 709.61
Total 204104.79 283.00

Table 4.6: One-way ANOVA for KNN and ensemble models in QUERJataset using the residuals.

Source Ss;lgrzfs DFerg;ed%smof Mean Square F P-value Eta-Squared
Factor A 28.27 3.00 9.42 0.01 1.00 0.00

Error 196680.56 280.00 702.43

Total 196708.84 283.00

Table 4.7: One-way ANOVA for M5Rules and ensemble models in

QUES dataset using the residuals.

Sum of

Degrees of

Source S Mean Square F P-value Eta-Squared
quares Freedom
Factor A 700.86 3.00 233.62 0.54 0.65 0.01
Error 120132.87 280.00 429.05
Total 120833.72 283.00

Table 4.8: One-way ANOVA for SVR and ensemble models in QU

ES dataset using

the residuals.

Sum of

Degrees of

Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 21.46 3.00 7.15 0.02 1.00 0.00

Error 121832.52 280.00 435.12

Total 121853.99 283.00

Figure4.6 andFigure4.7 illustrate a bar chart of the Pred values (Pred(.25) and Pred
(.30), repectively) to compare the investigated models for the QUES dataset. A higher score
better the propg
[33]. The réshlts in the figures provide confirmatory evidence that bagging

cates a and

(.25)

i ndi perfor mance,
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increased the performance of Pred values over all individual modeistdX€, KNN and the
Pred(.25) value for M5Rules. Additive regression increased this performance over all
individual models except RT. KNN, when used as an individual or the base model in additive
regression, achieved the best accuracy prediction, reaapprgximately 70. The stacking
ensemble model also increased the performance of Pred values over all the individual models;
however, it reported lower values than KNNe statistical tesiadicate thatheimprovement

of the ensemble models over the individual models was not significantly different.
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Figure 4.6: Pred(.25) of prediction models for QUES dataset.
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Figure 4.7: Pred(.30) of prediction models for QUES dataset.
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Figure4.8 presents a boxplot of MRE for the visual comparison of different prediction models
based on the MMRE valueBenfold crossvalidation was used, and the number of observations
was equal to theize of the dataset, which w4 residuals valuefor the QUES. The mean
value is indicated by an 6X6 and the wupper
where the middle horizontal line across the box represents the middle quartile. Theoinpac
applying both homogeneous and heterogeneous ensemble models on various individual
models is shown in the figure. The results indicate that most ensemble models improved the
accuracy prediction of individual models because they had the smallest whittker
narrowest box, and the lowest MMRE value compared with individual models. KNN as an
individual model or as the base model in additive regression outperformed all other prediction
models. It was followed by KNN as the base model for bagging and dtaking.
Additionally, the results of thetatistical testseveal thatthe improvement in all ensemble

models wasot significantly different from that in the individual models.
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Figure 4.8: Boxplots of MRE for prediction models in QUES dataset.

Figure4.9 compares the results obtained from the residuals of the prediction models for
the QUES dataset. The MAE value is defined
whiskers, and the tight Boindicate a better performance. First, all the prediction models
achieved better prediction accuracy than the baseline. Second, the ensemble models improved
the prediction accuracy over all the individual models except for M5Rules as the base model
in bagging and additive regression, and SVR as the base model in bagging, whereas KNN as
the individual model reached the same result as KNN as the base model in additive regression.
Third, KNN as the base model in bagging was the best model, followed by KNiN as
individual model or as the base model in additive regression and then st&akitgrmore

none of these improvements obtained by the ensembles were significantly different
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Figure 4.9: Boxplots ofthe residualsfor prediction models in QUES dataset.

Figure4.10 illustrates the plots of thpredictedand theactualvalues along with , a
baselinefor each prediction modéhvestigatedn the QUES dataset. The main idea of these
plots is to present the behaviour of the prediction modeterm ofthe overestimagd and
underestimatobservationgrom the actual valuesther than the performance of the models
(e.g., MMRE and Pred). Thushese graphs depend on the requirements of the project
managers, if they need to overestimate, and thus lose control, or underestimate, and thus lose
quality. Thereforethese plots were interpreted by the project managers as follow:

1 Overestimation ishte number of observations that the predicted values are higher
than the actual values.

1 Underestimabn is the number of observations that the predicted values are
lower than the actual values.

The actual values include 71 observations of the dependeableafCHANGE) sorted

in ascending order. The baseline represents the mean of the actual values, whereas the
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predicted values represent the observations by each prediction model. This figure indicates the
following findings. First, most observations of gieted values for each prediction model were
higher than actual values, which means that these prediction models have more overestimated
observations than underestimated ones. Second, KNN as an individual model or as the base
model in additive regressiorerided to have equally overestimated and underestimated
observations and remained relatively steady compared to other models. Third, the predicted
values were spread around the baseline (equal to approximately 64), which means that the
prediction models addl value and made changes in the observations. Additionally, the mean
of the prediction value is typically lower than the value of the baseline except for some models
such as RT and M5Rules, which have a minor increase over the baseline, ranging from 64.5
to 66.0.
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Figure 410.A: Plots of predictedand actualvalues for RT inthe QUES dataset.
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Figure 4.10.B: Plots of predicted and actual valuefor MLP in the QUES dataset.
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Figure 4.10.C: Plots of predicted and actual valuesor KNN in the QUES dataset.
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Figure 4.10.D: Plots of predicted and actual valuedor M5Rules in the QUES dataset.
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Figure 410.E: Plots of predicted and actualvalues for SVR inthe QUES dataset.

Figure 4.10: Plots of predicted and actual valuedor prediction models inthe QUES dataset.

B. Results of UIMS dataset

Table 4.9 lists the results of the experiment on the UIMS dataset, reported similarly as the
QUES findings.The results show that all the prediction models have bettdtgé¢san the
baseline. For example, the MMRE of the baseline is equal to 5.43, where all the prediction
models have results lower than this value

Among the individual models, KNN, as in the QUES dataset, outperformed other
prediction models in all predicin accuracy measures except MAE, which achieved the best
results by MLP. M5Rules was the second best among all prediction accuracy measures, except
MAE.

In terms of MMRE and MAE, application of the bagging ensemble model on each
individual model clearlyndicated that this modéhnprovedthe performanceof MMRE and
MAE measure$or all the individual modelHowever, it either decreased the performance of
the Pred values of all individual models or produced the same résaitems possible that
these results are due to the spread of the residual boxplots of MRE increasing after applying
this ensemble (seBigure 4.13). However, it is usual tabtain contradictory results in
empirical studies of the software engineering f[6R]. Furthermore, this model decreased the
performance of some prediction accuracy measures (i.e., KNN and M5Rulésudkitthe
bagging ensemble model using KNN produced the highest accuracy prediction compared to
other models in terms of MMRE valuéehad a negative impact on KNN itseffheseresults
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are consistent with prior study, which showed that bagging ensemhtalels have higher
potential to contribute to more accurate predictions than individual md@&ls

Additive regression increased most prediction accuracy measures for all the individual
models except MLP. As mentioned during the analysis of the QUES dataset, the additive
regression ensemble model produced the same accuracy prediction for KNN asidnahdiv
model. KNN, as the base model in additive regression, provided superior improvement in most
prediction accuracy measurements, followed by M5Rules and SVR. This result indicates that
KNN as either the base model in additive regression or as an indivitbdel, achieved the
best accuracy prediction, which is consistent with the findings for the QUES dataset.
conclusion, the prediction accuracy of additive regression ensemble models in most cases was
better tharthat of bagging ensemble models.

A stacking ensemble model did riotreasdghe performance of individual models in the
UIMS dataset with the exception of the RT model. However, the performance of stacking in
the UIMS dataset was lower than that in the QUES dataset. This occurs becaus&Ege Q
and UIMS datasets have different characteristics, as mentioned in Section 4.4.4. Moreover,
stacking failed to satisfy the criteria for accurate prediction, as mentioned in Chapter 3.
Additionally, stacking showed worse results compared to the homagerasemble model.

In conclusion, the prediction accuracy of homogeneous (bagging and additive regression)
ensemble models was generally better than that of heterogeneous (stacking) ensemble models.
None of the prediction models applied on UIMS fulfilldgb tcriteria of prediction accuracy

described in Chapter 3.
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Table 4.9: Performance of the prediction modeldor the UIMS dataset.

UIMS Dataset MMRE Pred (.25) Pred (.30) MAE SA
Baseline 5.43 0.13 0.13 40.71 0
Individual models
RT 4.52 0.18 0.21 41.74 -2.52
MLP 1.32 0.31 0.31 23.39 42.54
N [ ozs | om [ om 2341
M5Rules 1.24 0.36 0.38 26.64 34.57
SVR 1.84 0.28 0.33 26.63 34.58
Homogeneous ensemble modelBagging
RT 3.08 0.13 0.21 31.63 22.31
KNN 0.83 0.26 0.33 20.80 48.91
M5Rules 1.31 0.21 0.26 21.65 46.82
SVR 1.65 0.21 0.26 24.79 39.12
Homogeneous ensemble modelAdditive Regression
RT 4.56 0.21 0.23 42.14 -3.51
MLP 1.87 0.23 0.28 26.66 34.51
N [ ezs | eal [ om 2841 250
M5Rules 1.16 0.33 0.36 27.23 33.12
SVR 1.20 0.33 0.36 24.57 39.65
Heterogeneous ensemble modelStacking
(RT, MLP, KNN, 2.45 0.23 0.23 33.51 17.68
M5Rules, SVR)
_: represents the bestsults in all experiments.
Light green: represents the best results for each experiment.

Table4.10, Table4.11, Table4.12, Table4.13andTable4.14 show oneway ANOVA
results for the UIMS dataset using the residuals values for RT, MLP, KNN, M5Rules and SVR
and ensemble models, respectively. These results indicate thavaheep were higher than

the defing

v al

ue

( U &is aBcepbed and all Thé graup popdlation means (Factor

A) are the same in all tables. Therefore, the performance of individual and ensemble models

in terms of residual values was not significantly different from each othefdotor A.

Additionally, the results of the etquared indicate that the effect sizes in all tables are small

because all the esjuared values are close to 0.01, which is considered small according to the

standard classifications published 1180].

Table 4.10: One-way ANOVA for RT and ensemble models in UIMS dataset using the residuals.

Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 3494.67 3.00 1164.89 0.58 0.63 0.01
Error 304355.14 152.00 2002.34
Total 307849.81 155.00
Table 4.11: One-way ANOVA for MLP and ensemble models in UIMS dataset using the residuals.
Source SS um of Degrees of Mean Square F P-value Eta-Squared
quares Freedom
Factor A 3841.22 3.00 1280.41 1.23 0.30 0.02
Error 158728.81 152.00 1044.27
Total 162570.02 155.00
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Table 4.12: One-way ANOVA for KNN and ensemble models in UIMS dataset using the residuals.

Sum of Degrees of

Source Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 3699.69 3.00 1233.23 0.92 0.43 0.02
Error 204486.42 152.00 1345.31
Total 208186.11 155.00

Table 4.13: One-way ANOVA for M5Rules and ensemble models in UIMS dataset using the residuals .
Sum of Degrees of

Source Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 2768.62 3.00 922.87 0.69 0.56 0.01
Error 203993.82 152.00 1342.06
Total 206762.45 155.00

Table 4.14: One-way ANOVA for SVR and ensemble models in UIMS dataset using the residuals.

Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 2059.56 3.00 686.52 0.59 0.62 0.01
Error 176247.08 152.00 1159.52
Total 178306.64 155.00

Figure4.11 andFigure 4.12 illustrate a bar chart of the Pred values (Pred (.25) and
Pred (.30)) tacompare prediction models for the UIMS dataset. It is evident that a bagging
ensemble had a negative or little impact on all the individual models. The additive regression
ensemble model produced superior Pred values in RT and SVR only, whereas stacking
improved the Pred values of RT only. Similar to the findings for the QUES dataset, no
difference was found between KNN as an individual model and as the base model in additive
regression; however, both achieved the best Pred value of 0.41. They were ddiipwe
M5Rules as an individual model and as the base model in additive regression. As mentioned
previously in the QUES dataset, there was no difference in the performance between the
ensemble anthe individual models (s€eable4.10, Table4.11, Table4.12, Table4.13, Table
4.14).
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Figure 4.11: Pred(.25) of prediction models for UIMS dataset.
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Figure 4.12: Pred(.30) of prediction models for UIMS dataset.

Figure 4.13 shows the residual boxplots of MRE to enable a comparison between
prediction models in terms of the MMRE valu
bagging ensemble models, theransobviousendency for the mean (i.e., MMRE) to decrease.

Tenfold crossvalidation was performed, and the number of observations is similar to the size
of the dataset, which is 39 residuals values for the UIMS daEsetspread increases after
applyingthis ensemble model to all individual models, except for KNN and M5Rules. The
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impact of applying additive regression ensemble models on M5Rules and SVR is evident as
they have the smallest whiskers, the narrowest box, and the lowest MMRE value. Additive
regression decreased the accuracy prediction of RT and MLP, whereas it produced the same
accuracy prediction in KNN. Stacking reported the lowest accuracy prediction compared to all
individual models except RT. Overall, KNN as an individual model or abdke model in
additive regression outperformed all other prediction models, followed by KNN as the base
model for baggingAccording toTable4.10, Table4.11, Table4.12, Table4.13, Table4.14,

the performance between the ensemble #nad individual modelsvas not significantly

different.
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Figure 4.13: Boxplots of MRE for prediction models in UIMS dataset.

Figure4.14 summarises the comparison between the residuals of prediction models for
the UIMS dataset. The MAE value is defined
performance, along with the smalhiskers and the tight box. It can be observed that all the
prediction models were better than the baseline in terms of MAE, except RT, as the individual

model and as the base model in additive regression. Additionally, bagging ensemble models
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increased té prediction accuracy over all the individual models, whereas additive regression
and stacking only improved the SVR and RT, respectively. Finally, MLP and KNN as the base
models in bagging and as individual models achieved the best prediction accura®gsvh

KNN as an individual model recorded the same result as the base model in additive regression
(23.41). MoreoverTable4.10, Table4.11, Table4.12, Table4.13, Table4.14 indicate that

there wereno significant differences betwe#re ensmbleand individual models.
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Figure 4.14: Boxplots ofthe residualsfor prediction models in UIMS dataset.

Figure4.15 presents the plots of the actual values, a baseline, and the predicted values
for each prediction model for¢hJIMS dataset. The actual values include 39 observations of
the dependent variable (CHANGE) sorted in ascending order. The baseline indicates the mean
of the actual values, whereas the predicted values indicate the obserattors by each

prediction model. Théindings obtained from this figure reveal the following. First, most
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observations of predicted values for each prediction model were higher than actual values,
which indicates that these prediction models have more oveedstl observations than
underestimated ones. Second, the KNN as an individual model or as the base model in additive
regression tended to have equal overestimated and underestimated observations and remained
relatively steady compared to other models, Whsca conclusion similar to that reached for

the QUES dataset. Third, the predicted values are spread around the baseline (equal to
approximately 42), which means that the prediction models added value and made changes to
the observations. Fourth, the gtang model had several underestimated observations and
several observations under the baseline. This finding may be interpreted as the reason for the
low accuracy prediction in stacking compared to other models. Additionally, the mean of the
prediction véues was typically lower than the value of the baseline, except for a few models
that had a minor increase over the baseline, for example, bagging with MLP as the base model

and additive regression with RT as the base model, ranging from 42.5 to 46.0
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Figure 4.15.A: Plots of predicted and actual valuedor RT in UIMS dataset.
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Figure 4.15.B: Plots of predicted and actual valuedor MLP in UIMS dataset.
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Figure 4.15.C: Plots of predicted and actual valuedor KNN in UIMS dataset.
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Figure 4.15.D: Plots of predicted and actual valuedor M5Rules in UIMS dataset.
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Figure 4.15.E: Plots of predicted and actual valuedor SVR in UIMS dataset.

Figure 4.15: Plots of predicted and actual valuedor prediction models in UIMS dataset.

4.5.2 Comparison of the best investigated model with the best model in
selected studies

The best model performancethis empirical study was evaluateddacompared in terms of
MMRE with the best modadetermined byelected previous studiasTable4.1. Table4.15
presents the performance of MMRE obtained by the best model determineevioupr
selected studies and the proposed model for the QUES and UIMS datasets. Boldface values in

the table indicate the best results (i.e., the lowest MMR). This table demonstrates that the
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proposed model, that is, KNN as an individual model or as the texlel in additive
regression, achieved the best MMRE value against all selected previous studies for the QUES
dataset and proved to be tH&best model in the UIMS dataset. Only MMRE was considered,

as most of the studies used this measure, and odasures (e.g., Pred) were not used in some

studies.

Table 4.15: Performance of MMRE obtained by previous selected studies and proposed work for the
QUES and UIMS datasets.

ID Prediction model QUES UIMS
S1 Bayesian network 0.45 0.97
Regression tree 0.49 1.53
Backward elimination 0.40 2.58
Stepwise selection 0.39 2.47
S2 MARS 0.32 1.86
MLR 0.42 2.70
SVR 0.43 1.68
ANN 0.59 1.95
RT 0.58 4.95
S3 TreeNet 0.42 1.57
MARS 0.32 1.86
MLR 0.42 2.70
SVR 0.43 1.68
ANN 0.59 1.95
RT 0.58 4.95
S4 MLP 0.71 1.39
RBF 0.96 3.23
SVM 0.44 1.64
MS5SP 0.54 1.67
Ensemble model 0.41 0.97
S5 FL model 0.27 0.53
BN model 0.45 0.97
MARS model 0.32 1.86
S6 Hybrid neural network Al 0.37 0.31
Hybrid neural network A2 0.35 0.47
Hybrid neural network A3 0.38 0.18
S7 MLP 0.71 1.39
RBF 0.96 3.23
SVM 0.44 1.64
M5P 0.54 1.67
Ensemble model(AVG) 0.58 1.46
Ensemble model (WT) 0.49 1.21
Ensemble model (BT) 0.41 0.97
S8 NeuroGA 0.37 0.31
S9 Neurofuzzy approach 0.33 0.28
Proposed Additive regression (KNN) 0.26 0.74
model  (this
study)

112



Figure4.16 summarises the comparison of the MMRE values between the best model in the
previous selected studies and the best model in this proposed work for the QUES dataset. The
superior MMRE value (0&) was obtained for the proposed model: KNN as an individual
model or as the base model in additive regression, followed by the FL model in S5 (0.27) and
the MARS model (0.32) in S2, S3 and S5. Notably, only the present model nearly meets the
criteria of acurate prediction that states that MMRE should be equal to or lower than 0.25
[67].
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Figure 4.16: MMRE value s obtained bythe best model in theprevious selected studies anthe best
model for the QUES dataset.

Figure4.17 illustrates the comparison of the MMRE values between the best model in
the previous selected studies and the best model inrspsged work for the UIMS dataset.
The main finding is that the hybrid neural network3 has an MMRE value of (0.18) in S6,
whereas the newfnizzy approach has an MMRE value of (0.28) in S9. The proposed model
proved to be the'7best model compared thithose in the previous selected studies. However,
only the hybrid neural network, namely, A3 fulfils the criteria for accurate prediction that states
that MMRE should be equal to or lower than 0/@5|.
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Figure 4.17: MMRE value s obtained bythe best model in theprevious selected studies anthe best
model for the UIMS dataset.

4.5.3 Impact of the parameters tuning using caret

Considering the values of MMRE and MAE for the default and tuned parameters with respect
to each prediction modelable 4.16 and Table 4.17 demonstrate the impact of parameter
tuning on the QUES and UIMS datasetsspectively. From these tables, it may be observed
that the prediction accuracy was improved for most prediction models with parameter tuning
(i.e., 22 Yes out of 32 prediction models). However, most individual models with default
parameters performecetier than individual models with parameter tuning (i.e., 3 Yes out of
10 individual models). Additionally, ensemble models were more sensitive to their parameter
settings in terms of improvement than individual models. With respect to parameter tuning,
the prediction accuracy of the ensemble models in most cases was better than that of the
individual models. The most interesting finding was that KNN as the base model in the additive
regression with parameter tuning achieved the best prediction accur&dothirdatasets.
Finally, the results obtained froffable 4.16 and Table 4.17 show that parameter tuning
improved the prediction accuracy of most models with default parameters, and this

improvement is clearly observed in the ensemble models.
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Table 4.16. Impact of the parameterstuning on QUES dataset.

MMRE MAE Does the parameterguning
Prediction model Default Parameters Default Parameters improve the performance of
. . the default parameters
parameters tuning parameters tuning model?
Individual models
RT 0.45 0.68 26.24 30.64 No
MLP 0.50 1.19 28.71 40.54 No
KNN 0.26 0.43 19.75 24.29 No
M5Rules 0.49 0.55 23.39 25.12 No
SVR 0.38 0.27 20.33 20.17 Yes
Homogeneous ensemblmodeli Bagging
RT 0.48 0.30 22.61 14.96 Yes
MLP 0.39 0.20 19.89 11.11 Yes
KNN 0.30 0.10 19.04 7.19 Yes
M5Rules 0.45 0.46 28.72 17.96 Conflicting results
SVR 0.38 0.30 20.42 17.16 Yes
Homogeneous ensemblmodeli Additive regression
RT 0.47 0.47 26.23 16.23 Yes
MLP 0.52 0.21 28.43 8.54 Yes
KNN 0.26 0.00 19.75 0.00 Yes
M5Rules 0.47 0.74 23.85 41.89 No
SVR 0.35 0.29 19.85 15.46 Yes
Heterogeneous ensemblgodeli Stacking
Stacking 0.32 0.42 19.80 17.80 Conflicting results
Table 4.17: Impact of the parameterstuning on UIMS dataset.
MMRE MAE Doesthe parameterstuning
Prediction model Default Parameters Default Parameters improve the performance of the
parameters tuning parameters tuning default parameters model?
Individual models
RT 4.52 1.20 41.74 28.98 Yes
MLP 1.32 2.85 23.39 43.43 No
KNN 0.74 1.20 23.41 26.51 No
M5Rules 1.24 1.11 26.64 27.87 Conflicting results
SVR 1.84 0.98 26.63 25.33 Yes
Homogeneous ensemblmodeli Bagging
RT 3.08 1.97 31.63 19.91 Yes
MLP 1.17 0.65 20.10 10.81 Yes
KNN 0.83 0.19 20.80 7.36 Yes
M5Rules 131 1.17 21.65 16.19 Yes
SVR 1.65 1.30 24.79 17.34 Yes
Homogeneous ensemblmodeli Additive regression
RT 4.56 0.40 42.14 10.37 Yes
MLP 1.87 1.08 26.66 7.45 Yes
KNN 0.74 0.01 23.41 0.26 Yes
M5Rules 1.16 1.08 27.23 15.39 Yes
SVR 1.20 0.66 24.57 11.90 Yes
Heterogeneous ensemblgodeli Stacking
Stacking 2.45 0.63 33.51 19.64 Yes

4.5.4 Discussion and answers to research questions for the first empirical
study

This sectiordiscusses and answdQsfor the first empirical study.
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RQ4.1)How effective are individual models at predicting change maintenance effétt

KNN produced superior results for magtcuracy prediction measurements in both the QUES
and UIMS datasets. Moreover, KNN as an individual model or as the base model in additive
regression achieved the best accuracy prediction among all investigated models in both
datasets, and neither homogens nor heterogeneous models improved its prediction
accuracy. Additionally, this model in the QUES dataset is the only model that nearly fulfils
the criteria of accurate prediction proposed in Chapter 3. These results provide substantial
evidence of theeffectiveness oKNN in the prediction of software maintainability. This
evidence is in agreement with the findings of Chen and Bi7& which state the success of

KNN in predicting either regression or classification probleKi§N is considered stable
model thatimplementssimply. Also, KNN performs well with small datasef$81], such as

QUES and UIMS datasets

RQ4.2) How do homogenous ensemble models perform in the context of predicting
change maintenance effort when compared to thindividual models?

Bagging improved the prediction accuracy over almost all individual models except RT in the
QUES dataset, M5Rules in the UIMS dataset, and KNN in both datasets. The findings of the
statistical tests indicate that there wereigmificant differences in terms of the residual values
among all the individual models and bagging ensemble models, and the effect sizes were small
These findings are also consistent with a previous study, thereby indicating that the bagging
ensemble moels have high potential for producing more accurate predictions than individual
models[107]. The notable improvement of prediction accuracy in individual models verified
that the bagging ensemble model effectively improves padoce when applied to datasets
with a limited amount of dat@.e., QUES and UIMSontain 71 and 39 classes, respectively)
[133]. However, thisvas not observed in two datasets. Bagging aims to decrease variance by
randomly selecting different training sets with lemement128]. For this reasonapplying
bagging to stablenodels (e.g., KNN) has little value as their output results in few changes in
the training data from samplind28, 182] However, KNN becomes unstable for a small
number of nearesiemghbours (KJ183], and Caprile et al. reported that this number should be
higher than on§L84]. In addition, KNN is considered a simple model and performs well with
small datasets. In contrast, RT is unstable and suffers from variance; therefore, bagging

improvesthe prediction accuracy of RT in the UIMS dat44@8]. Additionally, bagging had
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a minor influence on SVRhis result agrees with the previous literature, showing that an
ensemble model had little improvement on SYAM9].

The additive regression ensemble model had a positive impact on the prediction
accuracy for most individual models except RT in the QUES dataset and MLP in the UIMS
dataset, and no significant differences in terms of residual values and effect sizemalere
The additive regression ensemble model had no impact on KNN in either dataset. A possible
explanation for this is that KNN is an instadussed rather than modehsed approach.
Additive regression starts with a null ensemble and sequentially agldéNIN predictions.

The second and subsequent models are aimed at predicting the residuals (errors), and if no
instances able to predict these residuals are found, KNN will be unable to make any
improvements to the initial prediction@verall, KNN as theindividual model or the base
model in additive regressiamas the best model to predict software maintainab#itgimilar
conclusion was reached by Zahara et al., who stated that KNN was the best model to predict
reusability evaluation dDO software compnentg185].

RQ4.3) How do heterogeneousensemble models perform in the context of predicting
change maintenance effort when compared to the individual models?

The stacking ensemble model improved the prediaamuracyover all the individual models
except KNN inthe QUES datasetThe resultsobtained bystatistical tests reported no
significant difference between the individual models and the stacking ensemble model, and
the effect sizes were small. This finding is in agreement with those of other studies, and it
suggests that stacking acheeva better result when selecting a collection of several models
from different typeq4122]. The relative advantage of stacking is to combine five individual
models from different types and gain #teengthsandweaknessesf this combinationA
potential explanation for this result may be the low performance of other individual models
(RT, MLP, M5Rules and SVR). For this reason, the performance of the stacking ensemble
model was worse than that of KNN, bettter than that of the other models. However, stacking
decreased the accuracy prediction of all the individual models except RT in the UIMS dataset.
Another possible explanation for this is that RT produced lower prediction accuracy. For this
reason, whemRT was integrated with other models in stacking, a lower prediction accuracy

was reported. When comparing the results of stacking ensemble models with those of previous
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studies that used different ensemble models, the prediction accuracy of ensembleva®dels
different for various dataseft6].

RQ4.4) Which prediction models (the betsproposed model in this empirical study or the
bestmodel in the selected studies) provide the best prediction accuracy?

KNN as an individual model or the base model in additive regression exhibited the best
performance compared with previous selectedistu In addition, it nearly met the criterion

of accurate prediction (i.e., MMRE0.25[67]) in QUES dataset. With respect to the tuning
parameters, KNN as the base model in additive regression outperformed all models in this
empirical study.

RQA4.5) What are the effects of parameter tuning on the performance of the prediction
models?

The parameter tuning increased the prediction accuracy over most of the investigated models
with default parameters. This is consistent with what has been found in previous studies
indicating that parameter tuning using taeet package in R enhandbe performance of the
machine learning mode[441, 166] However, ensemble models were more influenced by
parameter tuning than the individual models. In addition, the prediction accuracy of ensemble
models with parameter tuning was better than that of aihtheidual modelsTherefore, it is
recommended toreate ensemble models with parameter tuningdreasehe performance

of software maintainability-urther work needs to be dotweusea statisticatestto investigate

the performance difference between thdividual and ensemble models using paramete

tuning

4.6. Threats to Validity

The threats to validity usually appear in any empirical software engineering study that uses
opensource software projecf$86]. The following threats to validity exist in this empirical

study:

4.6.1 Threats to external validity

Externa validity indicates a limited generalisation of the results outside the empirical study
settings[186], andis based on the dependent variable used in this empirical study. A well
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known and common dependent variable (i.e., change metric) appsedanal studiel, 11-
13,1518, 88, 152, 175as used. A higher value of this metric indicates a higher maintenance
effort or lower maintainability. The CHANGE mrét is related to the number of changes that

are likely to be made to a class, whereas maintainability refers to the ease to implement
maintenance changes. The change metric has proven fgebectindicator in predicting the
maintenance effort and hasong relationships with other metrics (independent varial@gs)

Therefore, the dependent variable is acceptable and there is no threat to external validity.

4.6.2 Threats to internal validity

Internal validity is the capability to present theules with different experimentalariables

[187]. To avoid these threats, datasets that have already been investigated in the literature were
used[7, 11-13, 1518, 88, 152, 175]However, these datasets include only two types (i.e.,
QUES and UIMS) and conta@limited number of classes. Consequently, this limitation may
negatively affect the performance of the prediction modétsreover, these datasets were
extracted from realorld systems that were designed in the ADA language, wimtts the
depiction of all software system3o control these threatthis study can be extended by
considering more recent and large dataslets are collected from various opsource
systems. Additionallyfurther research can investigate rearld systems designed by other

programming languages (e.g., G8ava, Cor C#)

4.6.3 Threats to the construct validity

Construct validity measures théatonship between the dependent and independent variables
[188]. To prevent these threats, ten metrics baate been widely performed and validated by
previous studies as predictors for software maintainability were agplidd-13, 1518, 88,

152, 175] However, machine elarning models were employed without applying FS
techniques. These techniques help to determine the best subset metrics to accurately predict
software maintainability. Regarding parameter tuning, ¢theet package in R, which
automatically applies parametining in each model, was used. However, the performance

of these models may improve with the manual application of parameter tuning in each model.
For example, a specific number for the K parameter in the KNN model was defined. Thus, in

a future work, atomated and manual parameter tuning will be compdnedddition, the
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performance difference between individual and ensemble models using parameter tuning will

be explored.

4.6.4 Threats to the ¢ onclusion validity

Conclusion validity relates to the statisticalationship between the results and the output of
the experiment, which impacts the capability to reach the right concl{i3dih Tenfold
crossvalidation was used tprevent the threat of conclusion validifjhis method aims to
decrease biased results by selecting ten different tests from the dataseter, the present
results were compared with those of previous selected studieblied.1, and some of them,
namely, S2, S3, S5, S6 and S9 did not usddiehcrossvalidation. Therefore, there exists a
conclusion validity threat that the results nagt be entirely comparabl&loreover the
ANOVA testwasused in this empirical study to explore if there are any statistically significant
differences between the means of four groups (i.e., individual model and this individual model
as the base model bagging, additive regression and stackifigiis empirical study includes
more than two pair§.e., four groupsind continuous datasets; therefore, a parametric test
(ANOVA) is appropriate to implementwhich has an advantage to produce more reliable
realts thannonparametricstatisticaltest However, the parametratatisticaltest requiring
some assumption®.g.,normally distributedand independent observations in the datasets).
Although these assumptions éuéfilled, andthis method i$ased on only ten runas a result,
there is a threat to conclusion validity.

4.7. Conclusion of the first empirical study

Prior studies have documented the effectiveness of machine learning models in predicting
software maintainability of the OO system. However, these studies used a wide variety of
individual models and had limited focus on ensemble models. Moreover, thetipred
accuracy of their models was low according to the proposed criteria.

This chapter empirically evaluated the application of homogeneous (bagging and
additive regression) and heterogeneous (stacking) ensemble models in predicting software
maintaindility of OO systems and investigated their accuracy prediction over individual
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models (RT, MLP, M5Rules, KNN and SVR). All these models were run on the QUES and
UIMS datasets that were obtained from two different OO systems
The results obtained from lotatasetprovides several insights as follows

1 Among the individual models, KNN achieved the best prediction accuracy in both
datasets. It seems possible that these results are due to the small size of the datasets, as
KNN performs well withsmallerdatasets[181];

1 Although bagging improved the prediction accuracy over all individual models except
RT and KNN on the QUES dataset and KNN and M5Rules on the UIMS dataset, the
differences were not statistically significant between bagging and individual models,
and the dect sizes were small. The potential reasontfa improvemenis that
bagging reduced variance by randomly selecting different training sets with
replacemenftl 28]. However bagging did not improve the prediction accuracy of stable
models,such as KNN or strong models, such as SVR

1 Theadditiveregressiorensemble modellso increased the prediction accuracy over
all individual modelsxcept RT on the QUES dataset &fidP on the UIMS dataset
Again, there were no significant differences betwasktitive regressioand individual
models, and the effect sizes were small;

1 The stackingensemble model increased the prediction accuradheofindividual
models in the QUES dataset because these individual models produced low prediction
accuracy and when they were integrated together, stacking became better than these
models. Havever, stacking decreastte prediction accuracy afl individual models
except RT on the UIMS dataset because RT did not perform well as the individual
models, and when it was integrated with other models in stacking, it reduced the
performance of stagkg. Regarding the statistical tests, the differences were not
statistically significant between the group population means (i.e., individual and
stacking models) in both datasets, and the effect sizes were small;

1 Although there were no significaulifferences the homogeneous ensemble model
exhibited better performance results than the heterogeneous ensemble model on UIMS
and QUES datasets. Additive regression showed superior prediction accuracy

compared to the bagging ensemble model in both dataset
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1 KNN as the individual model or as the base model in the additive regression ensemble
model achieved the best prediction accuracy compared to all the investigated models.
In terms of the proposed criteria and when compared to selected previous #tiglies,
model showed the best improvement in the QUES dataset, whereas it proved to be the
7" best model in the UIMS dataset;

1 The parameter tuning improved the prediction accuracy of the ensemble models but
not that of the individual models in most cases.NK&k the base model in additive
regression in the parameter tuning achieved the best prediction accuracy.

These findings extend the current knowledge regarding the capability of ensemble
models to improve the prediction accuracy of individual modétsvever, there were no
significant differences between the individual and ensemble models. It is difficult to explain
this result, but it might be related to the limited size of the dataset. To resolve this issue, this
empirical study can be extended hging more recent and larger datasets for software
maintainability prediction. Therefore, the next chapter will replicate this empirical study across
various large representative datasets extracted from-spene software systems with
variousprogramming langages. This replication will allow further investigation on the impact
of advanced machine learning models (homogenous and heterogeneous ensemble models)

over existing individual models to predict software maintainability
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Chapter5. Second Empir EacgakemBt edy:
Technigues to Predict CrF
Mai nt enande i BMgfreer tRecent
and Larger Datasets

In this chapter, the impact of the same prediction models used in Chapter 4 is empirically
investigatedn the context of predicting change maintenance edfo@O systers, along with

one more heterogeneous ensemble model, namely APE. These models are applied on five
different datasets (i.e., bug prediction datagbig) extracted from realorld software
systems.This chapter aims to further explore the application of ensembbtiels on more

recent and larger datasets, and to compare and evaluate the proposed models with the selected
models using tha&uto-WEKA tool.

5.1. Intro duction

The performance of machine learning techniques is closely related to the size and

characteristics of the dataset on which they are trained and tested. As mentioned in Chapter 4,

considerable uncertainty still exists in relation to the interpretatib machine learning

techniques applied to the problem of software maintainabiibause most of them were built

and evaluated on relatively limited and old dataf&t41-13, 1518, 88, 152, 175]namely

QUES and UIMYataset§9],and f ew st udi es [d6 &MA dednisteinobnl ael | m

there is no clear evidencenohcwihnChafteydthede |l s p

impact of ensemble models using these datasets was empirically evaluated and obtained, and

the results indicated improved accuracy amdividual modelsHowever, Chapter 4 used the

aforementioned old argimall datasetsthatont ai meedwomnodbws. Consequen

a clear need to explore the performance on r
Data preprocessing techniques are essential for the production ofjiglity datasets

and have a positive impact on buildingcaate prediction mode[489]. Prior studies have

employed a wide variety of data ppeocessing techniques on different software quality

datasets (e.g., NASA dakets) to achieve reliable model predictj@80-195]. These studies

123



emphasised that the implementation of an accurate model relieshequaility datasetslhe
datasets were used in this chapter collected for the purposeshoittipeediction. However,
these datasets include metrics that suitable to preldartge maintenance effort. Therefore
pre-processing techniques are perfornoedthe bug prediction datase{s7] to achieve the
following objectives:
1 Select appropriate source code metrics (independent variables) as predictors of
software maintainability;
1 Determinethe CHANGE metric(dependent variable) by calculating the number of
lines changed (added or deleted) per class during the maintenance period,;
1 Evaluate the quality of the bug prediction datasets and convert them into software
maintainability prediction datasetsingpre-processing techniques
To build an accurate maintainability prediction model, prior studies have applied several
types of machine learning models with configurations manually set (i.e., parameter tuning
[196] or selected featurg$8]). However, this approachqgaires considerable time and effort.
This study demonstrates the applicatiorAato-WEKA as a new, rapid, and automated tool
to identify the best accurate prediction model among sets of models, with different parameters
and features, using Bayesian opsation[149, 150].

The main contributions of thishapteras follows:

1 Preprocessing was applied on the bug prediction dat&sesnvertandensure their
suitability for software maintainability prediction;

1 Recent, large publidatasets that have not been applied before in the prediction of
software maintainability, were used;

1 This empirical study investigated theapabilities of both homogeneous and
heterogeneous ensemble models and found that the evaluated ensemble models
increased the prediction accuracy over most of the individual models. Also, there were
significant differences between some of the individual and heterogeneous ensemble
models. In the homogeneous ensemble models, the performance of bagging was better
than addive regression, whereas in the heterogeneous ensemble models, APE
achieved better prediction accuracy than stacking. However, in most cases, neither
homogeneous nor heterogeneous ensemble models increased the performance of SVR
and KNN
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1 TheAuto-WEKA't o o | was used. To the aut hor ds

this tool to predict software maintainability.

5.2. Motivation

Several studies have investigated differentgnaessing techniques for software quality
datasets[190-195]. However, these pfprocessing techniques depend on the different
probdems posed by particular datasets. Although most of thenaeessing techniques are
performed using a specific algorithm, some of thegoeessing techniques are manually
implemented, such as integrating attributes from multiple sources or aggregating
attributes. Table 5.1 presents previous studies that applied preprocessing techniques on a
software quality dataset. Many of these studies ymeéalic datasets from NASA or the
PROMISE repository190-194], and only one study extracted a dataset from an-separce
system[195]. It should be mentioned that creating software quality datasets, such as defect

datasets, is a challengingdatime-consuming taskl91, 192]

Table 5.1: Summary of previous studies that applied preprocessing techniques on the software quality
datasets.

ut hor e ataset | ataset r r-er ocessing techni
A h Ref D D P P i hni
Defect dataset from
Sunghun Kim et SWT and Debug . . - .
al. (2011) [195] projects in Eclipse 3.4 Data noise Algorithm to detect and eliminate noises
system
David Gray et Repeated data, noise, . .
al. (2011) [191] NASA datasets incorrect data Meticulously documented data cleansing proc
David Gray et Repeated data, noise, Data cleansing process to prepare dataset fi
al. (2012) (192] NASA datasets incorrect data binary classification and remove noise
Martin Implausible, duplicate .
Shepperd et al.| [193] NASA datasets instances, missing and Algorithm used to trgr;feflormnd preprocess the
(2013) conflicting values
Jez? (thlré)c et [190] NASA datasets Inconsistent data Introduce integrity checks for cleaning datase
Baljinder 18 datasets frm Low classification
Ghotraetal. | [194] NASA and accuracy and FS techniques
(2017) PROMISE misclassification rates

The most apparent gap from previous studieBable5.1 is that no studies performed
pre-processing techniques on the software maintainability dataset. This may be due to the
limited availability of public datasets for software maintainability preoh [5]. There is
limited research in the software maintainability prediction fi8h whereas defect prediction
is a relatively popular researéield in software engineeringd.95].

Although the use of parametéuningis recommended by Fu et Hl42]to improve the

performance of the prediction model, a limited number of studies have applied this approach

125

kK r



for software maintainability prediction. For example, a study by Dahiya [@tS4] applied a

genetic algorithm to optimise the parameters of a fuzzy dogsed maintainability metrics
system. Moreover, research studies have investigated FS as an alternative method to improve
the pediction accuracy. Kumar and Rath enhanced the performance of the software
maintainability prediction model using one method of FS, namely rough set afjaBjsis
whereas Reddy and Ojffé8] used sets of seven FS: best first, linear forward selection, greedy
stepwise, evolutionary search, genetic algorithm, PSO, and Tabu search. However, tuning
parameters and selecting features require several attempts and significant effort to obtain
optimal results. Therefor&yuto-WEKA has been recently proposed to resolvg pinoblem

and to provide mechanisms for both tuning parameters and selecting f¢at#e450]

Finally, the main motivation of this chapter is to use recent, large, andjbality datasets

that are suitable for the software maintainability prediction, ingatgi the application of
several ensemble models on these datasets to determine the best model to predict software
maintainability, and compare the results with models selectéditoy WEKA tools

5.3. Research Method

This chapter aims tincreasethe predictionaccuracyof software maintainability in OO
systems by exploring the impact of ensemble models (homogeneous and heterogéheous).
second empirical study consists of two studies, nafidlyand 5.B. RQs for the second
empiricalStudy 5.A are provided as follows:

RQ5.A.1)What are the suitable metrics (independent variables) in the bug prediction datasets
to predict software maintainability?

RQ5.A.2) How can the dependent variable calculate the CHANfric from the bug
prediction datasets?

RQ5.A.3) How to evaluate the quality of the bug prediction datasetig preprocessing
techniques?

RQ5.A.4) How much can prediction models increase or decrease the performance compared
to a baseline (i.eZeroR)?

RQ5.A.5) How effective are individual models at predicting change maintenance effort?
RQ5.A.6) How do homogenous ensemble models perform in the context of predicting change

maintenance effort when compared to individual mdtiels
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RQ5.A.7) How do heterogeneousnsemble models perform in the context of predicting
change maintenance effort when compared to individual nfddels

Figure 5.1 depcts an overview of the research methperformedto predict software
maintainability of OO systems. This method consists of the following steps.

Step 1.Evaluate the bug prediction datasgg] extracted from Java systems to determine
suitable metrics. The potentially selected datasets contain several changes to fix maintenance
issues. These datasets were collected on the first released version and multiple updated
versions of the systems.

Step 2. Extract source code metrics (independent variables) from the bug prediction datasets:
the result from this step are the C&R6] and OO metrics. These metrics are extracted using
varioustools, including infusion, Moose and Churra$sd).

Step 3.Calculate the change metric (dependent variable): the result from this step is performed
by manually summing two metrics from the lugdiction datasets, namely lines added until

and lines removed until. These metrics are calculated between subsequent versions by
evaluating system log files, counting the number of lines changed in each class (insertion or
deletion were counted as 1) damodifications (inserting and deleting were counted as 2).

Step 4.Create the datasets by combining the source code metrics from Step 2 with the change
metric from Step 3 into one file. The number of records in the dataset was equal to the number
of classes in the selected system.

Stepb. Divide datasets into ten setangstenfold crossvalidation: the dataset is divided into

a training set t@reatemachine learning models and a test set to evaluate the performance of
machine learning models.

Step6. Construct sets of individual models: these models are selectedifferant categories
(seeTable3.1).

Step 7. Construct ensemble models from these individual moddie ensemble models
include two main types: homogeneous (i.e., bagging and additive regression) and
heterogeneous ensemble ratsd(i.e., stacking and APE)
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Step 8. Predict software maintainability: the output of the previous steps is evaluated and
compared to identify the moatcurate prediction model.

Evaluate the bug prediction
datasets

Extract source code metrics
(independent variables)

!

Calculate change metric (dependent
variable)

v

‘ Improve the quality of the software ’

maintainability datasets

Create the new version of the datasets

training set @

Test
models

Build
models

Evaluate and compare results

1l

Construct sets of individual models

¢

Construct ensemble models from
previous individual models:

Ten-fold cross validation

|

|

|

— !

1 Homogeneous Heterogeneous

I ensemble model ensemble model

: | fl

1 ‘ Predict software maintainability ’4—
|

Figure 5.1: Framework of the research method.

Four mainexperiments were performéal answer these RQs f8tudy 5.A as described
below:
Experiment 1 (RQ5.A.4). The ZeroR model was applied to each dataset to determine a
baseline; then, it was used as a benchmark to contiparperformance of the prediction

models.
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Experiment 2 (RQ5.A5).Setsof ndi vi dual model s (i .eSVR RT,
wer e b uthel best one fordpredicting software maintainability in each dataset was
identified.
Experiment 3 (RQ5.A.6). Homogeneous ensemble models (i.e., bagging and additive
regression) were constructed and the results were compared with the performance of individual
models.
Experiment 4 (RQ5.A.7). Heterogeneous ensemble models (i.e., stackingfhaRgEwere
constructedand the results were compared with the performance of individual models.

This chapter also aims to use thato-WEKA tool to identify the best model to predict
software maintainability by applying it to previous datasets. To achieve the highest prediction

accuracy, this tool tries several models with different tuning parameters and selected features.

The second part @he empirical study is performed to respond to the following RQs for
Study 5.B:
RQ5.B.1) What is the best model selectedAuyto-WEKA to predict software maintainability
in each dataset?
RQ5.B.2) How many configurations are attempted to selecbdst model?
RQ5.B.3) What are the tuning parameter settings in the selected model?
RQ5.B.4) What are the selected features in the selected model?
RQ5.B.5) What are the MAE and MMREalues for the selected models?
RQ5.B.6) What is the performance of the model selectedintp-WEKA compared with that
of the baseline (i.e., ZeroR)?
RQ5.B.7) What is the performance of the model selectedltp-WEKA compared with that

of performancef the best model in Study 5?A

5.4. Experimental Data Setup

The following subsections provide information about details of the datprpecessing, and
an explanation of dependent and independent variables used for the software maintainability
datasets. Furthermore, they present the deb@itatistics and correlation between the

metrics in the datasets.
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5.4.1 Data pre -processing

This section aims to apply data gpeocessingechniques to bug prediction datasets to produce
a new and higlguality version of these datasets suitable for softwaeentainability
prediction. Therefore, this section aims to anskR@b.A.1, RQ5.A2 andRQ5.A3 for Study
5.A.

The bug prediction datasets have several irrelevant metrics and do not provide a direct
measure for software maintainability (i.e., CHANGE metridditionally, they may contain
some issues, such as incomplete, missing values, outliers or inconsistencies that negatively
affect the data quality and prediction models. Therefore, datparpoessing is introduced to
create a new version of the bugdiintion datasets. The data gyecessing techniques include
the following step$125]:

1 Data reduction: established to decrease the data size by employing aggregation,
eliminating redundant features, selecting attribute subsets or clustering;

1 Data integration: applied tointegratedata fromvarious sources into a separate
coherent source. This techniqueestablished to remove redundant data (where the
same attribute appears again under a different name) and inconsistent naming (where
the same attribute values appear under different names);

Data cleaning:applied to clean noise, missing values and incarsists of data;

Data transformation: performed to improve the accuracy and efficiency of data
mining by transformation of the data. This technique is designed to aggregate,
generalise or normalise the data.

Figure5.2 depicts the framework of the ppeocessing techniques used in Study 5.A.
First, the original version of the bug prediction datafef$ was evaluated. Second, sets of
four primary preprocessing techniques were applied in the order proposg®fi data
reduction, data integration, data cleaning and data transformation. Finally, a new version of

thehigh-quality datasets was produced.
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Figure 5.2: Framework of data pre-processing.

A. Evaluate the bug prediction datasets

This chapter uses the bug prediction datasets proposed by Marco Ambrof5eét. dihe
original version of the bug prediction datasets includes five datasets extracted from open
source software systems. These datasets collected changes duyeay a&intenance period
andconsist of 439 and 2,196 classes with the same number of files and mé&ahde5.2
presents a summary of bug prediction datagefy. Each dataset includes eight files:
biweekly-ck-values, biweekloo-values, bugmetrics, changenetrics, churn, complexity
codechange, entropy and singkersionck-oo. However, several of these files are
inappropriate and include irrelevant metrics for software maintainability prediction. Thus, pre
processing techniques were applied to determine suitable metrics (independent variables) to
predict software maintainabilifRQ5.A.1) and to calculate th € HANGE metric (dependent
variable) to capture the element of maintainabilR@Q5.A.2). In addition, these techniques

aim toevaluate the quality of the bug prediction datasets produce a new version of the

dataset (i.e., software maintainability preain datasetsjRQ5.A.3).
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Table 5.2: Summary of the bug prediction dataset$57].

#Features in #Features
Dataset name Time period # Class #Versions #Transactions single-version- in change
ck-00 metrics
. 1.1.2005
Eclipse JDT Core 6.17.2008 997 91 9,135 22 20
. 1.1.2005
Eclipse PDE Ul 911.2008 1562 97 5,026 22 20
. 1.1.2005
Equinox framework 6.25 2008 439 91 1,616 22 20
1.1.2005
Lucene 10.8.2008 691 99 1,715 22 20
1.17.2005
Mylyn 3.17.2009 2196 98 9,189 22 20

B. Data reduction

The primary objective of data reduction is to decrease the size of the dataset by either removing
or aggregating variablg425]. The bug prediction datasets have problems that require data
reduction: the datasets have several unnecessary files and irrelevant metrics (independent
variables) for the software maintainability prediction, and have not clearly defined the
CHANGE metric (épendent variable) to predict software maintainability. Therefore, three
methods were applied to address these probl&inst, six unnecessary files of software
maintainability were manually removed: biweeklgvalues, biweekloo-values, bug
metrics, clurn, complexitycodechange and entropy, and only singkrsionck-oo and
changemetrics files remainedSecond,five bug metrics were manually removed from the
singleversionrrck-oo file, namely bugs, nonTrivialBugs, majorBugs, criticalBugs and
highPriortyBugs, because these metrics are not related to software maintainability. As a result,
the remaining 17 metrics (i.e., OO and CK) maypeeformedas predictors for software
maintainability (independent variable); the description of these metrics isipdowi Section
5.4.3.Third, all metrics were removed from the chasgetrics file except two: lines added

until and lines removed until, as these metrics are necessary to calculate the CHANGE metric
value.Fourth, lines added until and lines removed umtdre aggregated into the CHANGE
metric (dependent variable), which captures the element of interest of software maintainability.
The results from applying data reduction are two files: the swgigionck-oo file, which has

17 metrics (independent vabias), and a changaetrics file that has the CHANGE metric
(dependent variable), calculated by aggregating lines added until and lines removed until

metrics
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C. Data integration

Data integration aims tategratedata frommanysources into a single coheraourceg125].

This preprocessing technique assists in preventing inconsistencies and redundancies in the
datasets. The results of the datasets from previoupnoeessing techniques include two files:

the singleversionck-oo file, which has 17 metrics (independent variables), and a change
metrics file that has the CHANGE metric (dependent variable). Thedddsavere combined

into a single file with 17 OO and CK metrics (independent variables) and only one CHANGE
metric (dependent variable) for software maintainability prediction datasets

D. Data cleaning

The primary objective of data cleaning isdetect and remove missing, noisy, and outlier
values from the dataset sourf¥?5]. The results of the datasefrom the previous pre
processing techniques are one file with 17 OO and CK metrics (independent variables) and
one CHANGE metric (dependent variable). First, these datasets were evaluated in terms of
missing data, but none was found due to accurate atdiection. Second, the software
maintainability prediction datasets were assessed in terms of outliers by applying the Inter
QuartileRange (IQR) filter in WEKA. This filter divides the dataset into three quarfitss:
quartile (Q1), which is theentevalue between thmedianand the lowest valuef the dataset

that divides the lowest 25% of the dataset from the highest 3&6nd quartiléQ2), which

is the middle value that dividebe dataset into halves; atidrd quartile (Q3), which is the

middle value between the highestd the median values the dataset that divides the highest
25% of the dataset from the lowest 79%97]. The IQR filter relies on interquartile ranges,
which recognise any value outside the inter
[197], where x is a constant number. IQR is the difference betthe®handfirst quartiles

( I QR = Q3191 1Cpnsequently, this filter idenkds the outliers by creating a new
attribute, namely the outlier index. Third, the Removewithvalues filter was applied in WEKA
to remove outliers in the datasets. The parameter values in this filter were changed as follows:
the outlier index was inserted the attribute index to determine the outlier attribute, which
was inserted in the nominal index to determine outlier values. Finally, the result from applying
data cleaning is that the software maintainability prediction datasets are free from outliers.

Figure5.3 shows the proportion of outliers removed during data cleaning.
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Figure 5.3: Proportion of outliers removed during data cleaning.

E. Data transformation

The main objective of data transformation is to convert datdomeatsuitable for mining by
smoothing, aggregation or normalisation. As the software maintainability prediction datasets
do not have any issues requiring data transformation, applying these steps to the datasets is not
necessaryl125].

Table5.3 presents summargsults from applying prprocessing techniques on the bug
prediction datasets. The final version after applying these techniques is called software
maintainability prediction datasets. This version can be downloaded using the following link:
https://zenodmrg/record/4256386#.X6aMzogzY 2w
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Table 5.3: Summary result of pre-processing techniques.

Pre-processing
techniques

Problem

Method

Result

Data reduction

The datasets contain

severalnnecessary files
of software

maintainability

Manually delete six unnecessary|
files from the bug prediction
datasets.

The datasets have only two files: single
versionck-00 and changenetrics

The datasets contain

several irrelevant metric!
of software

maintainability

Manually delete five bug metrics
from the singleversionCK-OO file
and delete all metrics from the
changemetrics file except two
metrics.

The datasets have only two files: single
versionrCK-OO, which has 17 CK and OO
metrics, and changmetics, which has two

lines added until and lines removed until

metrics

The datasets need to
identify dependent
metric (CHANGE)

Calculate dependent metric
(CHANGE) by aggregating lines
added until and lines removed unt]
metrics.

The datasets have ortlyo files: single
versionCK-OO, which has 17 CK and OQ
metrics, and changmetrics, with only one

metric: CHANGE

Data integration

The datasets include twt
separate files, one
contains independent
variables and the other

Combine tvo files into a single file
andmodify the name of the file to
software maintainability prediction

The datasets have only one file (softwarg
maintainability prediction datasets) that hg
17 OO and CK metrics (independent
variables) and one CHANGE metric

the dependent variable | (dependent variable)

Apply InterQuartileRange filter to
identify outliers, then perform
removewithvalues filter to remove|

outliers.

The software maintainability prediction
datasets do not have outliers or missing
values.

The datasets contain

Data cleaning outliers

The datasets do not
require data
transfomation

Data

transformation NA

NA

5.4.2 Dependent variable: maintainability.

Maintainability is a dependent variable that may be identified from several independent
variables (metrics). In this study, maintainability is defined as the number of changes made in
the class during theaintenance process. These changes are determined by calculating the
number of added or deleted lines in each class during the maintenancd J&ridd 13, 14]

and correspond to tteHANGE metric described by L&HPB]. A higher value of CHANGE

refers to higher maintenance effort, which implies lower maintainability. Irnsdifisvare
maintainability prediction datasets, the dependent variable (CHANGE) was calculated by
summing lines added until and lines removed until igtwhich indicate the lines added to

or removed from the classes during the maintenance period, respdé&ilelhe descriptive
statistics of thecCHANGE metric after removing outliers for eadataset of thesoftware

maintainability prediction datasets are showit able5.4.
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Table 5.4: Descriptive statistics for the CHANGE metric.

Dataset name # Classes Min. Mean Median Max. Standard deviation
Eclipse JDT Core 695 0 825.25 366 31245 2013.10
Eclipse PDE Ul 1209 0 230.41 100 6824 424.56
EquinoxFramework 276 0 242.59 56 5684 520.87
Lucene 532 0 106.97 19 3089 247.50
Mylyn 1573 0 110.80 29 9000 316.04

Figure5.4 illustrates the residuddoxplots of the CHANGE metric for each dataset of
the software maintainability prediction dataselfis diagram depicts the first quartile (Q1),
median, thirdquartile (Q3), and whiskers values. The line across the middle of the solid body
of the boxes indicates the median value, which is the middle 50% of the data (between Q1 and
Q3). Q1 and Q3, which are inside the solid body of the boxes, present valués an@55%
of the t he
within 1.5 times the intequartile rangg¢197]. From the data ifrigure5.4, it is apparent that
the median value of CHANGE in Eclipse JDT Core is higher than that of the other datasets,

dat a, wher eas vertical l'ines (fiw

indicating that Eclipse JDT Core has thghest maintenance effort, which implies the lowest
maintainability. In contrasthe median value of CHANGE in Lucene is lower compared to
other datasets, which indicates that Lucene haktiest maintenance effort, which implies

the highest maintainability.
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Figure 5.4: Boxplots of CHANGE metric.
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5.4.3 Independent variable: metrics

The independent variables consist of 17 source code metrics that include 6 CK [2@}rics
and 11 OO metrics. The details of the extraction of these metrics were described by Ambros
et al.[57]. A brief description ®each metric (independent variable) used in this chapter is

presented iTable3.5in Section3.4.2.

5.4.4 Descriptive statistics

Table B1in the Appendix compares the descriptive statistics, namely min, max, median, mean
and Stdev for all the metrics (CK and OO metrics) acrds®tilvare maintainability datasets.
The results obtained from this table can be summarised as follows

1. LOC metrics, which refers to lines of code, range from 0 to 2475;

2. In all datasets, the median valuetled NOC metrics is zero. This implies that
thereare very few sulzlasses in all datasets;

3. The mean values @ie NOA metric in all datasets range from 3.0 to 4.9, which
indicates that the average number of attributes is relatively close;

4. The mean values of DIT range from 1.22 to 2.59, which refext tioe datasets
with almost the same depth of inheritance tree;

5. The median of NOPRM and NOPA in all datasets has zero values. This
suggests that the number of private methodgtedumber of public attributes
are very low;

6. The median value dhe couplhg metric (i.e., RFC) in Eclipse JDT Core and
Eclipse PDE Ul is higher than those in other datasets;

7. The median value of the number of methods (i.e., NOM metric) in all datasets
ranged from 4 to 7. This refers to the number of methods that are almdet simi
in all systems;

8. The remaining metrics have a different number of median values. Accordingly,
it is challenging to conclude the overall results.

Overall, there are no zero values for each metric in all datasets. Therefore, all metrics
are considered kevant to measure software maintainability. Briand €tl&i8] demonstrated
that metrics that have zero values ftrdescriptive statistics should be removed from the

analysis because they have no potential to be good predictors
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5.4.5 Correlation between metrics in the datasets

Figure55s hows Pearsonéd6s correlation between sou

along with the change metric (dependent variable). From the summary data across software
maintainability datasets iRigure5.4, it seems that there are no red coloured circles, which
implies no negative correlation between metrics. In addition, there are several weak positive
linear correlations between metrics (eldCOM with CBO), and this indicates that it is not
necessary to eliminate any metrics because they all measure different elements of the code.
Furthermore, there are multiple white circles that refer to uncorrelated metrics (e.g., NOC with
other metrics).However, there are few strong positive linear correlations between some
metrics, such as RFC and LOC in Eclipse JDT Core dataset and NOA and NOPA in Eclipse
PDE Ul dataset, but they were not removed. These results suggest that most of the metrics in
softwae maintainability datasets are uncorrelated, and the characteristic of these datasets are

different, hence maintainability prediction models are constructed for each dataset separately.
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Figure 5.5: Correlation between source code metricg the software maintainability datasets

5.5. Results and Analyses

In this section, the results and analyses performed in Study 5.A are presented, which includes
four experiments, each one addressing one research question. The prediction models were built
using WEKA tools presented in Chapter 3 and the default values in their pargii@dérn
sequence, the results of the statistical tests are provided. Furthermore, this section presents the
results anénalyses performed fBtudy 2.B using th@&uto-WEKA tool, described in Section

3.3.2.
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Moreover, this section provides a eway ANOVA test to examine &1 which states that all

the group population means are equal, andatich states that at least onerpafimeans is
different. Factor A includes the residuals values of the prediction models, grouped by each
individual model used as the base model in the ensemble models. Therefore, 25 tables (5
individual models x 5 datasets) are produced to compare tfermpance among the five
prediction models (one individual model and four individual models as the base model in

bagging, additive regression, stacking and APE)

5.5.1 Comparison between prediction models

To visualise the data distribution using quartikigure5.6 shows a boxplot of MRE for every

prediction model investigated. This visualisation is based on the MMRE value, which refers

to AX0. The prediction model, which has the
smallest range is considered preferabidrigure5.6, there are clear cases of decrease in the
MMRE values indicated by AX0d6 in the diagram,
consicered to have high prediction accuracy. These cases are summarised across all datasets

in general as follows:

1 SVR as an individual model or a base model in bagging and additive regression
outperformed all other prediction models, followed by KNiNseemshat SVR and
KNN performed very similarly because they had smaller boXamer IQR,

1 Bagging ensemble models substantially increased the accuracy over RT and MLP.
However, these models slightly improved the accuracy of M5Rules and had a minor or
negative mpact on KNN and SVR;

1 Applying bagging ensemble models to the base models positively influenced the
overallprediction accuracy compared to additive regressimemble models;

1 The prediction accuracy of APE ensemble models was better than that of stacking

ensemble models.
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Figure 5.6.A: Boxplot of the MRE for prediction models onthe Eclipse JDT Core dataset
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Figure 5.6.B: Boxplot of MRE for prediction models onthe Eclipse PDE Uldataset
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Figure 5.6.D: Boxplot of MRE for prediction models onthe Lucene dataset
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Figure 5.6.E: Boxplot of MRE for prediction models onthe Mylyn dataset

Figure 5.6: Boxplot of MRE for prediction models on all datasets.

Figure 5.7 compares the results obtained from the boxplot of the residuals for the
prediction models across all datasets. The MAE value is defined by @ X 6 ; a | ower
small whiskers, and narrow box refer to better performance. The following are the most evident
findings from this figure:

1 The prediction models performed better than the ZeroR model in almost all situations;

1 The Mylyn dataset achieved the highest total prediction accuracy compared with other
datasets; this result may be explained by the fact that this dataset was extracted from a
large system that includes 2,196 classes;

1 The ensemble models yield enhancedijotéon accuracy over most of the investigated
individual models. Howevelthe statisticaltests will be futher investigated, as the
difference between thensemble and individual modetsay not be significant;

1 SVR as the individual model or the base madebagging and additive regression
outperformed other prediction models and recorded the highest prediction accuracy

across all datasets.
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Figure 5.7.A: Box plot of the residualsfor prediction models onthe Eclipse JDT Core dataset
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Figure 5.7.B: Box plot of the residualsfor prediction models onthe Eclipse PDE Uldataset
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Figure 5.7.C: Box plot of the residualsfor prediction models onthe Equinox Framework dataset
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Figure 5.7.D: Box plot of the residualsfor prediction models onthe Lucene dataset
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Figure 5.7.E: Box plot of the residualsfor prediction models onthe Mylyn dataset

Figure 5.7: Boxplot of the residuals for prediction models orall datasets.

Figure 5.8 shows a histogram of the Pred (.25) values to comparedberacy
prediction between model$he higher the value in thisagjram, the better the performance
achieved by the prediction model, atifte model accuracy criteria mentioned earhee
Pred(.30) O 0. 7(Q34]oFromFguress, the faléwing dhsefvatiahs are
made:

1 KNN as an individual model or a base model in bagging and additive regression
outperformed all other prediction models across the datasets. Theglogzrson why

KNN produced better performance than SVM in term of Pred is that KNN predicts by

selecting the closest neighbours of the instances in the training set, whereas the

calculation of Pred is based on the proportion of all the instances iatdsetdwhere

the MRE is less than or equal to 25 or 30. Consequently, it is easy to determine these

instances from the prediction of KNN. However, this difference may not be significant;

1 APE achieved the best prediction accuracy with KNN in the EclipseCiidd dataset,
the second best in Eclipse PDE Ul and Mylyn datasets, and the third best in the

remaining datasets.
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Figure5.9 presents a histogram of the Pred (.30) values to compaeetheacy prediction
between models he higher the value in this diagram, the better the accuracy achieved by the
prediction model. Frorfigure5.9, the following observations are made:

1 APE and KNN as a base model in bagging achieved the best prediction accuracy
compared to all prediction models in Eclipse JDT Core, followed by KNN as an
individual model or base model in the additive regression ensemble model;

1 KNN as an individual modeor a base model in bagging and additive regression
outperformed all other prediction models in the accuracy prediction of the remaining
datasets;

1 M5Rules as a base model in bagging and SVR as a base model in additive regression
produced the highest pretion accuracy in the Eclipse PDE Ul dataset, which is the

same result as KNN.
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Table 5.5, Table 5.6, Table 5.7 and Table 5.8 present the MMRE, MAE and SA values
achieved by each prediction models for the software maintainability prediction datasets. Bold
values (highlighted in light green) in the tables show the best results among each experiment
in each dataset, whereas botdye¢ther with underlined values (highlighted in dark green)
indicate the best results among each experiment in all datasets. The lowest MMRE and MAE
and highest SA refer to the best results depending on the measure.

A. Experiment 1. comparison betweemrediction models and baselineRQ5.A.4
ZeroR depends on the dependent variable only (i.e., CHANGE metric) and predicts the mean
value of this metric. It is implemented to determine a baseline and is used as a benchmark to
evaluate the performance of the predictioodels. When we compare the results of ZeroR
Tableb.5 against the results of the prediction model§able5.6, Table5.7 andTable5.8, all
machine learning models performed better than the ZeroR model, axt¢leptcase of MLP
as the individual model and as the base model in additive regression in the Mylyn dataset.
Moreover, other models (i.e., stacking in Eclipse PDE Ul and Equinox Framework datasets)

produce the same performance as the ZeroR model
Table 5.5: Baseline models and their corresponding MMRE, MAE and SA values.

Eclipse JDT Core [ Eclipse PDEUI [ Equinox Framework [ Lucene [ Mylyn
Model
MMRE
13.79 | 6.12 NSSENN 1518 [ 592
MAE
ZeroR 823.90 [ 223.46 | 282.04 AN 12767
SA
0 0 | 0 | 0 | 0
: represents the best results in all experiments.

B. Experiment 2: comparison between individual modelsRQ5.A.5
As shown inTable 5.6, the results of the five individual models indicate that SVR
outperformed the individual models in the prediction accuracy for all datasets except the
Eclipse JDT Core dataset, which achieteel best result using KNN (indicated by the bold
values), followed by SVR. Furthermore, the performance of SVR in the Eclipse PDE Ul
dataset is better than all prediction models across the software maintainability datasets in
Experiment 2 (i.e., bold andhderlined values), with a value of 1.47. However, MLP attained
negative values in SA measurement in the Equinox Framework and Lucene datasets, indicating
that their results were worse than the baseline and did not produce meaningful predictions in
this emprical study [99]. However, the MLP performed better than the baseline in the

remaining datasets.
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Table 5.6: Individual models and their corresponding MMRE, MAE and SA values.

MMRE

Individual models Eclipse JDT Core Eclipse PDE Ul Equinox Framework Lucene Mylyn

RT 10.15 5.79 4.96 13.96 5.40

MLP 8.93 3.22 4.08 19.59 4.45

KNN 4.04 2.35 5.18 10.71 2.28

M5Rules 5.88 2.26 5.41 11.30 3.39

SVR 4.24 T 1ar 313 5.19 1.83

MAE
RT 746.59 216.23 230.00 119.08 123.95
MLP 801.51 191.24 441.03 157.47 118.49
KNN 678.86 197.03 238.36 114.69 111.61
M5Rules 683.62 168.44 243.79 108.30 102.94
SVR 533.78 151.41 200.33 96.17 [1190:300
SA

RT 9.38 3.24 18.45 6.35 291

MLP 2.72 14.42 -56.37 -23.84 7.19
KNN 18.88 14.14 22.52 10.26 18.56
M5Rules 17.03 24.62 13.56 14.83 19.37
SVR 32.24 28.97 24.36 29.27

: represents the best results in all experiments.
Light green: represents the bestsults for each experiment.

C. Experiment 3: comparison between homogeneous ensemble modBQ5.A.6

1 Bagging
After applyinghomogeneous ensemble modgls., bagging) on each individual model, as
shown inTable5.7, the bagging ensemble model increased the prediction accuracy over most
of the individual models. SVR as a base model in the bagging ensemble produced the highest
accuracy in all software maintainability datagets, bold valuesyand achieved the best result
in the Eclipse PDE Ul dataset, reaching 1(#é., bold values underlinedHowever, the
positive influence of the bagging ensemble on SVR is considered low, as the change is only
0.01 (0.68%) in the Eclipse PDE Ul dataset @i (2.62%) in the Equinox Framework, and
in the remaining datasets the performance of SVR decreased. Hotevmagging ensemble
model increased the prediction accuracy of RT, M5Rules, and MLP more than the KNN and
SVR models. Overall, the bagging entble model increased the performance of all the
individual models except SVR and KNN in the Eclipse JDT Core and Mylyn datasets, and
SVR as the base model in bagging achieved the best results.

1 Additive regression
Table 5.7 shows the results after employihgmogeneous ensemble modgls., additive
regression) on each individual model. It is apparent from these results that the additive
regression ensdme model improved the prediction accuracy over most of the individual
models. SVR as a base model in the additive regression ensemble achieved the best accuracy

prediction in all software maintainability datasetecept for the Eclipse JDT Core dataset,
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where the best result was achieved by KNN (as indicated by the bold values). Furthermore,
SVR in the Eclipse PDE Ul dataset outperformed all other models across the software
maintainability datasets iBxperiment 3(bold values with underlineyeaching 1.8. This

result is slightly better compared to that of the SVR as the individual model, which was 1.47.
Interestingly, additive regression had a positive influence on MLP across all datasets, whereas
it had a negative influence on RT and SVR in the Equifranework and Lucene datasets.
Nevertheless, additive regression had no impact on the performance of KNN across all datasets
and performed the same result as the KNN individual models. Finally, the additive regression
ensemble models increased the accupsegiction over most individual models, or produced
results similar to the individual models, as is the case of KNN. Regardingea8urement

all homogeneous ensemble models outperformed the baseline &{degh the Equinox
Framework and Lucene datasetvhich recorded negative values. Similarly, MLP as the

individual model achieved similar values in these datasets.
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Table 5.7: Homogeneous ensemble models and thaiorresponding MMRE, MAE and SA values.

. MMRE
BaggingModels
Eclipse JDT Core Eclipse PDE Ul Equinox Framework Lucene Mylyn
RT 9.08 4.20 4.79 12.56 4.01
MLP 7.00 2.98 4.71 15.69 3.23
KNN 4.43 2.21 4.73 8.99 2.39
M5Rules 5.69 2.26 4.25 10.67 3.22
SVR 4.25 3.05 5.53 1.86
MAE
RT 662.77 188.29 211.23 110.58 107.26
MLP 624.67 195.80 297.15 139.09 100.89
KNN 573.45 177.46 204.27 107.70 96.72
M5Rules 608.98 169.25 212.29 115.03 102.71
SVR 522.94 150.35 195.08 93.86
SA
RT 19.56 15.74 25.11 13.04 15.99
MLP 24.18 12.38 -5.36 -9.39 20.98
KNN 30.40 20.62 28.43 15.30 24.37
M5Rules 26.08 24.26 24.73 9.54 19.55
SVR 32.72 30.83 26.19 28.77
Ad(_jltlve MMRE
regression modelg
RT 9.70 5.79 5.55 14.00 5.39
MLP 8.60 3.14 4.00 19.28 4.32
KNN 4.06 2.35 5.18 10.71 2.28
M5Rules 5.69 2.37 4.95 11.02 3.32
SVR 4.15 [ 146 ] 3.28 5.23 1.78
MAE
RT 743.77 216.23 232.12 118.62 122.97
MLP 790.43 197.40 418.33 155.71 116.67
KNN 678.86 197.03 238.36 114.69 111.61
M5Rules 672.06 177.20 252.74 114.10 102.77
SVR 515.58 151.18 204.67 95.68
SA
RT 9.72 3.24 17.70 6.71 3.68
MLP 4.06 11.66 -48.32 -22.46 8.61
KNN 18.88 14.14 22.52 10.26 18.56
M5Rules 18.43 20.70 10.39 10.27 19.50
SVR 32.35 27.43 24.76 29.77
represents the best results in all experiments.
Light green: represents the best results for each experiment.

D. Experiment 4: comparison between heterogeneous ensemble mod&§5.A.7

1 Stacking
In Table 5.8, the heterogeneous ensemble model (i.e., stacking) combined five individual
models (i.e., RT, MLP, KNN, M5Rules and SVR) and used linear regression as a metamodel
to integrate their outputs. The results reveal that the stacking performance did not improve
compared to that of the five individual models. Stacking increased the performance of RT and
MLP in three datasets (i.e., Eclipse JDT Core, Lucene and Mylyn)slamged a slight
decrease in performance in the remaining individual models across datasets. Stacking achieved
the highest prediction accuracy in Mylyn, followed by the Equinox Framework dataset,
achieving 3.78 and 5.58, respectively. Additionally, staglrrformed well in terms of SA
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measurement; however, it recorded zero values in the Eclipse PDE Ul and Equinox Framework
datasets, which indicates no improvement over the baseline in these datasets.

1 APE
Another heterogeneous ensemble model showrante5.8, namely APE, was performed by
considering the average of the five individual models (i.e., RT, MLP, KNN, M5Rules and
SVR), thus, it provides aingle output valu¢140]. The findings demonstrate that the APE
advanced the prediction accuracy of RT and MLP in all datasets except the Equinox
Framework. It o improved the prediction accuracy of M5Rules in three datasets (i.e.,
Equinox Framework, Lucene and Mylyn). However, APE achieved a lower prediction
accuracy than SVR in all datasets as well as a lower prediction accuracy than KNN in all
datasets excejhe Equinox Frameworklhe finding of APE confirms previous finding of
stacking that produced Bwer performance because it integrated the good and bad
performance of the individual models. APE achieved the highest prediction accuracy in the
Eclipse PDE U followed by the Mylyn dataset, reaching 2.83 and 3.14, respectively.

Finally, the most evident finding from previous tables is that bagging achieved better
performance than additive regression, whereas APE achieved better performance than
stacking. Fathermore, the prediction models, which were performed on large datasets (i.e.,
Eclipse PDE Ul and Mylyn), achieved better prediction accuracy tearsame prediction
models performed on small datasetsaanging from 276 to 695This suggests that such
prediction models are robust for large datasets. Furthermore, in most cases, SVR as an
individual model or a base model in bagging and additive regression is the best choice to

predict software maintainability.

Table 5.8: Heterogeneous ensemble models and their corresponding MMRE, MAE and SA values.

Eclipse JDT Core [ Eclipse PDEUI |  Equinox Framework [ Lucene [ Mylyn
Stacking models MMRE
(RT, MLP, KNN, 5.99 | 6.12 | 5.58 | 1202 | 378
MS5Rules, SVR) MAE
644.21 | 223.46 | 282.04 | 11551 [ 11181
SA
21.81 [ 0 | 0 [ 916 [ 1242
MMRE
6.03 [ 28 ] 4.11 117 3.14
APE models MAE | I
(5Ruce, SUR [ 9660 |
M5Rules. SVR) 590.91 | 161.82 [ - 231.21 [ 109.48
27.59 | 19.79 | 1390 | 24.33
: represents the best resultsalhexperiments.
Light green: represents the best results for each experiment.
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Oneway ANOVA results for different datasets using the residual values for RT, MLP, KNN,
M5Rules, and SVR and ensemble models are listed as folltaide 5.9 to Table 5.13 for
Eclipse JDT Core datasdtable5.14to Table5.18 for Eclipse PDE Ul datasetable5.19to
Table5.23for Equinox Framework dataséiable5.24to Table5.28for Lucene datasetable
5.29to Table5.33 for Mylyn dataset.

The results obtained from these tables indicate that, in most caseertbrmance of
the prediction models was not significantly different in terms of the residual values from each
other for Factor A because thewwpa |l ues are | arger than the sic¢
Ho is accepted. However, thevalues in the Elipse PDE Ul dataset (see tables froable
5.14to Table5.18) and other tablesTable5.20, Table5.25,

Table 5.29 and Table 5.30) are lower than the significance level. Therefore, the
performance of the prediction models in these tables was significantly different in terms of the
residual values from each other for Factor A, ardsHgected and His accepted, meaning
that for Factor A, at least two group means significantly differ from each étbeording to
the standard classifications of Cohen proposed in Section 3.5.5, the resultsqdartd

indicate that the effect sizes wesmall in all tablegL80].

Table 5.9: One-way ANOVA for RT and ensemble models in the Eclipse JDT Core dataset using the

residuals.
Source Sum of Squares Degrees of Mean F P-value Eta-Squared
Freedom Square
Factor A 12501422.11 4.00 3125355.53 0.92 0.45 0.00
Error 11774121071.13 3470.00 3393118.46
Total 11786622493.24 3474.00

Table 5.10: One-way ANOVA for MLP and ensemble models in the Eclipse JDT Cordataset using the

residuals.
Source Sum of Squares Degrees of Mean F P-value Eta-Squared
Freedom Square
Factor A 26898330.99 4.00 6724582.75 1.02 0.39 0.00
Error 22834275291.33 3470.00 6580482.79
Total 22861173622.32 3474.00

Table 5.11: One-way ANOVA for KNN and ensemble models in the Eclipse JDT Core dataset using the

residuals.
Source Sum of Squares Degrees of Mean F P-value Eta-Squared
Freedom Square
Factor A 5467853.84 4.00 136696346 0.40 0.81 0.00
Error 11712791648.27 3470.00 3375444.28
Total 11718259502.1¢ 3474.00
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Table 5.12: One-way ANOVA for M5Rules and ensemble models in the Eclipse JDT Core dataset using

the residuals.

Source Sum of Squares Degrees of Mean F P-value Eta-Squared
Freedom Square
Factor A 4391944.36 4.00 1097986.09 0.33 0.86 0.00
Error 11579332739.53 3470.00 3336983.50
Total 11583724683.88 3474.00

Table 5.13: One-way ANOVA for SVR and ensemble models in the Eclipse JDT Core dataset using the

residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 8388497.23 4.00 2097124.31 0.82 0.51 0.00
Error 8921762704.87 3470.00 2571113.17
Total 8930151202.10  3474.00
Table 5.14: One-way ANOVA for RT and ensemble models in the Eclipse PDE Ul dataset using the
residuals.
Sum of Degrees of
Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 3221762.01 4.00 805440.50 6.88 0.00 0.00
Error 706719092.59 6040.00 117006.47
Total 709940854.59 6044.00

Table 5.15. One-way ANOVA for MLP and ensemble models in the Eclipse PDE Ul dataset using the

residuals.
Sum of Degrees of
Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 2328640.49 4.00 582160.12 3.57 0.01 0.00
Error 984602758.75 6040.00 163013.70
Total 986931399.24 6044.00

Table 5.16: One-way ANOVA for KNN and ensemble models in the Eclipse PDE Ul dataset using the

residuals.
Source g um of Degrees of Mean Square F P-value Eta-Squared
quares Freedom
Factor A 2511471.04 4.00 627867.76 5.18 0.00 0.00
Error 732218899.51 6040.00 121228.29
Total 734730370.55 6044.00

Table 5.17: One-way ANOVA for M5Rules and ensemble models in the Eclipse PDE Ul dataset using the

residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 2994170.89 4.00 748542.72 6.10 0.00 0.00
Error 741644965.84 6040.00 122788.90
Total 744639136.73 6044.00

Table 5.18: One-way ANOVA for SVR and ensemble models in the Eclipse PDE Ul dataset using the

residuals.
Sum of Degrees of
Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 4815664.03 4.00 1203916.01 11.49 0.00 0.01
Error 632989845.26 6040.00 104799.64
Total 637805509.29 6044.00
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Table 5.19: One-way ANOVA for RT and ensemble models in the Equinox Framework dataset using the

residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 772577.21 4.00 193144.30 1.08 0.36 0.00
Error 245045622.90] 1375.00 178215.00
Total 245818200.11 1379.00

Table 5.20: One-way ANOVA for MLP and ensemble models in the Equinox Framework dataset using

the residuals.

Sum of

Degrees of

Source Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 9160880.15 4.00 2290220.04 2.94 0.02 0.01
Error 1072285162.54 1375.00 779843.75
Total 1081446042.69 1379.00

Table 5.21: One-way ANOVA for KNN and ensemble models in the Equinox Framework dataset using

the residuals.

Sum of

Degrees of

Source Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 1039249.78 4.00 259812.44 1.21 0.30 0.00
Error 294068457.62 1375.00 213867.97
Total 295107707.40 1379.00
Table 5.22: One-way ANOVA for M5Rules and ensemble models in the Equinox Framework dataset
using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 743122.31 4.00 185780.58 1.00 0.41 0.00
Error 255494191.82 1375.00 185813.96
Total 256237314.13 1379.00

Table 5.23: One-way ANOVA for SVR and ensemble models in the Equinox Framework dataset using

the residuals.

Sum of Degrees of
Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 1430312.90 4.00 357578.22 1.94 0.10 0.01
Error 253852788.18 1375.00 184620.21
Total 255283101.07| 1379.00
Table 5.24: One-way ANOVA for RT and ensemble models in the Lucene dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 42242.60 4.00 10560.65 0.26 0.90 0.00
Error 108220661.59 2655.00 40761.08
Total 108262904.20| 2659.00
Table 5.25: One-way ANOVA for MLP and ensemble models in the Lucene dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 1053595.89 4.00 263398.97 2.47 0.04 0.00
Error 282988904.28 2655.00 106587.16
Total 284042500.17| 2659.00
Table 5.26: One-way ANOVA for KNN and ensemble models in the Lucene dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 24425.70 4.00 6106.42 0.12 0.97 0.00
Error 131135243.95 2655.00 49391.81
Total 131159669.65 2659.00
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Table 5.27: One-way ANOVA for M5Rules and ensemble models in theucene dataset using the
residuals values.

Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 23797.49 4.00 5949.37 0.11 0.98 0.00
Error 137478923.08 2655.00 51781.14
Total 137502720.57 2659.00
Table 5.28: One-way ANOVA for SVR and ensemble models in the Lucene dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 201463.28 4.00 50365.82 1.25 0.29 0.00
Error 106913813.36 2655.00 40268.86
Total 107115276.63 2659.00
Table 5.29: One-way ANOVA for RT and ensemble models in the Mylyn dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 820433.52 4.00 205108.38 3.22 0.01 0.00
Error 500539699.16 7860.00 63681.90
Total 501360132.68 7864.00
Table 5.30: One-way ANOVA for MLP and ensemble models in the Mylyn dataset using the residuals.
Source Sum of Degrees of | \1oan Square F P-value Eta-Squared
Squares Freedom
Factor A 591892.35 4.00 147973.09 2.65 0.03 0.00
Error 438668440.81 7860.00 55810.23
Total 439260333.16 7864.00
Table 5.31: One-way ANOVA for KNN and ensemble models in the Mylyn dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 253506.93 4.00 63376.73 0.98 0.41 0.00
Error 506131215.02 7860.00 64393.28
Total 506384721.95 7864.00

Table 5.32. One-way ANOVA for M5Rules and ensemble models in the Mylyn dataset using the

residuals.
Sum of Degrees of
Source Squares Freedom Mean Square F P-value Eta-Squared
Factor A 185713.32 4.00 46428.33 0.79 0.53 0.00
Error 459562662.82 7860.00 58468.53
Total 459748376.14 7864.00
Table 5.33: One-way ANOVA for SVR and ensemble models in the Mylyn dataset using the residuals.
Source Sum of Degrees of Mean Square F P-value Eta-Squared
Squares Freedom
Factor A 548317.21 4.00 137079.30 2.35 0.05 0.00
Error 458132781.24 7860.00 58286.61
Total 458681098.45 7864.00

Multiple pairwise comparison tests for Factor A were also conducted to determine which

pairs fferent from
confidence interval§l70] for tables that rejected HO (froififable5.14 to Table5.18, along

with Table5.20, Table5.25, Table5.29 andTable5.30). The comparison results are presented

were significantly di eac

in Figure5.10, which involves nine subfigureBigure5.10reveals that if a confidence interval
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does not include 0, then the pair is significantly different and HO is rejected. The following
caseslsow the pairs that significantly differ from each other:

1 (RT7T APE) and (RTi APE) pairs weresignificantly different as shown in Figure
5.10.A, whereas APE performed better than these models in the Eclipse PDE Ul
dataset;

1 (Stackingi APE) pair wassignificantly differentin the Eclipse PDE Ul dataset (see
Figures 5.10.A, 5.10.B, 5.10.C, 5.10.D and 5.10.E), whereas APE outperformed
stacking in the Eclipse PDE Ul dataset;

1 (MLP1 APE) pair wassignificantly differentas shown in Figure 5.10.F, whereas APE
was better than MLP in the Equinox Framework dataset;

1 Although the Pvalues inTable5.20 and Table5.30 were lower than the significance
l evel (U = 0.05), there were no Fgurgni fic
5.10.G and Figure 5.10.1).

1 (SVR i Stacking), (Additive regression (SVR) Stackng), (Bagging (SVR)i
Stacking) pairs wersignificantly different, as seen Figure 5.10.E, in which stacking
performed worse than these models in the Eclipse PDE Ul dataset;

1 (RTT APE) and (Additive regression (RT)APE) pairs weresignificantly different,
as seern Figure 5.10.H, in which APE was better than RT and additive regression
(RT) in the Mylyn dataset.
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T—O RT - Bagging (RT)
B = RT - Additive

Regression(RT)
A 4 A RT - Stacking

RT - APE
"2 N2 ., Bagging (RT)- Additive
o . Regression(RT)
@ L @® Bagging (RT)- Stacking
Bagging (RT) APE
‘ Additive Regression(RT)
Stacking

Additive_Regression(RT) APE

-100.00  -80.00 -60.00 -40.00 -20.00 0.00 20.00 40.00 60.00 80.00 100.00 120.00
Confidence Intervals

Stacking- APE

Figure 5.10.A Multiple comparisons for RT and ensemble models ithe Eclipse PDE Ul dataset using the residuals.
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Figure 5.10.B: Multiple comparisons for MLP and ensemble models irthe Eclipse PDE Ul dataset using the residuals.
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Tukey's Confidence Intervals
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Figure 5.10.C: Multiple comparisons for KNN and ensemble models ithe Eclipse PDE Ul dataset using the residuals.
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Figure 5.10.D: Multiple comparisons for M5Rules and ensemble models ithe Eclipse PDE Ul dataset using the residuals
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Tukey's Confidence Intervals
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Figure 5.10.E: Multiple comparisons for SVR and ensemble models ithe Eclipse PDE Ul dataset using theesiduals.
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Figure 5.10.F: Multiple comparisons for MLP and ensemble models irthe Equinox Framework dataset using the residuals
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Figure 5.10.G: Multiple comparisons for MLP and ensemble models irthe Lucene dataset using the residuals.
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Figure 5.10.H: Multiple comparisons for RT and ensemble models ithe Mylyn dataset using theresiduals.
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Figure 5.10.1: Multiple comparisons for MLP and ensemble models irthe Mylyn dataset using the residuals.

Figure 5.10: Multiple comparisons for prediction models using the residuals.

5.5.2 Determining the best prediction accuracy using Auto-WEKA

The development of an accurate prediction model may involve attempting several types of
machine learning models with different configurations, including tuning parameters and
selected features. However, this is a difficult and tcoesuming task to impleamt. In this
section, a new, rapid and automated tool was used to identify the best prediction accuracy of a
software maintainability model, namefuto-WEKA, applied to sets of different models with
various configurationsAuto-WEKA is applied to previoudatasets to select the best model,
along with the best choice features and parameters. The MMRE and MAE values were used
to evaluate the accuracy of the predictive models, along with the ZeroR model, to compare
selected model performance with the baseline

Table 5.34 provides the results of the bestlected model, along with the number of
attempted configurations, selected features and tuning paraméker null in the selected
features refers to the selection of the entire dataset without applying the selected features. This
table answerRQ5.B.1, RQ5.B.2, RQ5.B.3andRQ5.B.4, and reveals several findindgarst,
two individual models were selected as the best prediction accuracy models, namely SMOreg

in Eclipse JDT Core, which is an SVR model, and KStar in the Equinox Framework, which is
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an instancébased modelSecond two metamodels (i.e., ensembles) were sho as the best
prediction accuracy models, namely RandomSubSpace in Eclipse PDE Ul, which creates a
decision treébased model, and RandomForest in Lucene and Mylyn, which creates a forest of
random treesThird , the number of attempted configurations ethffom 134 to 428-ourth,

each selected model had specifically defined tuning parameters, whereas the selected features
were applied only for the Equinox Framework and Lucene to determine the BestFirst filter for

attribute search and the CfsSubsetEtdififor attribute evaluation.
Table 5.34: Best model selected byputo-WEKA in each dataset.

Bestselected Configurations
model /Number
Dataset ID of configurations Z;Itelﬁtgg Tuning parameters
attempted
Eclipse JDT Null [-C, 1.3565252749701958\, O, -,
Core SMOreg / 295 weka.classifiers.functions.supportVector.RegSMOImprovéd,
weka.classifiers.functions.supportVector.NormalizedPolyKeitel
2.8518299249980114 ]
Eclipse PDE Ul | RandomSubSpacq Null [, 53,-P, 0.3729942223734593&, 1,-W,
/134 weka.classifiers.functions.MultilayerPerceptren:L,
0.6520314185757002M, 0.6694968982868784B, -H, i, -R, -D, -S, 1]
Equinox KStar / 428 Attribute [-B, 38,-M, n]
Framework search:
BestFirst
attribute
evaluation:
CfsSubsetEval
|
Lucene RandomForest/ | Attribute [-1, 96,-K, 1,-depth, 12]
321 search:
BestFirst
attribute
evaluation:
CfsSubsetEval
|
Mylyn RandomForest / Null [, 136,-K, 7, -depth, 14]
162

Table 5.35 presents the results of the MMRE aMAE values to determine the
prediction accuracy achieved by the bssected model, along with the baseline (i.e., ZeroR).
This table responds tBQ5.B5 andRQ5.B6, and it is apparent that the selected models
performed better than theaseline. In addition, there was a large difference between the
MMRE values for the selected models and the MMRE values for ZeroR. Interestingly, the
selected model in the Equinox Framework achieved the best accuracy prediction, with a
change of 89.78%.

Finally, the results iTable5.35were compared with the best prediction moddiable
5.6, Table 5.7 and Table 5.8 to answerRQ5.B7. The results indicate that all the models
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selected by taAuto-WEKA tool outperformed the best model prediction except for KNN and

SVR in Eclipse JDT Core and Lucene, respectively
Table 5.35: MMRE and MAE valuesfor the selected modedand ZeroR models

MAE for the MMRE for the
Datasets ID bestselected MMAE for bestselected MMRE for % of changebetween
ZeroR ZeroR MMRE values
model model

EC"gf)’feJDT 638.37 823.90 6.36 13.79 53.88%
EC"pS‘Ie PDE 185.25 223.46 0.79 6.12 87.09%

Equinox 35.54 282.04 0.57 5.58 89.78%
Framework

Lucene 50.43 127.15 521 15.18 65.68%

Mylyn 46.24 127.67 1.54 5.92 73.99%

Figure5.11 shows a histogram of the MMRE value to compare the prediction accuracy
between the models selectedAyto-WEKA, the best model in the previous section and the
ZeroR models, and answBiQ5.B5 and R@.B.6. The low value of this diagram indicates
better accuracy achieved by the prediction model. The results obtained-igane 5.11
indicate the positive impact of using teuto-WEKA tool to select the best model in
prediction software maintainability. This yields an improvement over the baseline (i.e., ZeroR)
in the range of 53.88% to 89.78%. The bsdected model bjuto-WEKA in the Equinox
Framework dataset achieved the best result (lowest MMRE value), followed by the best
selected model bguto-WEKA in the Eclipse PDE Ul and Lucene datasets. Additionally, all
the models selected by theito-WEKA tool performed better than the besbdel prediction
in the previous section except for KNN and SVR in Eclipse JDT Core and Lucene,

respectively.
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Figure 5.11: MMRE value for selected and ZeroR models in each dataset.

Figure 5.12 illustrates the residual boxplots of the MRE values for the selected and
ZeroR models in each dataskt.Figure5.12, there is a clear tendency of a decrease in the
MMRE value indicated by 0iXo0 AutodWEKAteol tadallagr a m,
datasets. Moreover, each selected moael & reduction in the box spread. The results
obtained from this figure indicated the positive impact of employing\tlie-WEKA tool on
all datasets. This yields an improvement between 53.88% and 89.78%, which is considered a

high performance in the sofare maintainability prediction.
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Figure 5.12: Box plot of MRE for selected and ZeroR models in each dataset.
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5.5.3 Discussion and answers to research questions for the second empirical
study

This section presents the details of the discussion and answers RQs for the second empirical
study, which involves two studies, namBl and5.B. First, the following RQs for Study 5.A

are answered and discussed.

RQ5.A.1) What are the suitable metrics (independent variables) in the bug prediction
datasets to predict software maintainability?

In the data reduction stefive bug metrics from the singhersionck-oo file were removed.
Consequently, 17 metrics were used asdjgtors for software maintainability (i.e.,
independent variablesjcluding 6 CK metric§26] and 11 OO metrics (s@&ble3.5). The

metrics were not removedr the followingreasons:

1 In most casesn most cases, there was no perfect correlation between two independent
variableg(seeFigure5.5).

1 Infew casessome of the metrics exhibited perfect correlation, but it is not a common
problem in all dataset&or example, NOA and NOPA were perfectly caatetl in the
Eclipse PDE Ul dataset (dark blue circle), but not in the remaining datasets.

1 Almost all metrics have the same correlated with the dependent variable, which are
considered good predictor.

RQ5.A.2) How can the dependent variable calculate the BIANGE metric from the bug
prediction datasets?

The CHANGE metric was calculated in two steps ofidi@ preprocessing techniques, namely
data reduction and data integratiém thedata reduction, all metrics were excluded from the
changemetrics file except two fundamental metrics, namely lines added until and lines
removed until. Then, these metrics were integrated to compute the CHANGE metric, which is
similar to the CHANGE metric proposed by L&H]. In the data integtion, two files (i.e.,
singleversiorrck-00 and changenetrics files)were integrated into one file, namedgftware
maintainability datasets

RQ5.A.3) How to improve quality of the software maintainability prediction datasets
using preprocessing techniges?

The previous two data pq@ocessing techniques aimdboose suitable source code metrics

(independent variables) frothe bug prediction datasets and identify the CHANGE metric
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(dependent variableAs a resulta new version of the bug prediction datasets was produced,
called the software maintainability datasets, which includes 17 OO and CK metrics
(independent variables) and only one CHANGE metric (dependent varibiidedbjective of

the other data pfprocesing techniques (i.edata cleaning and data transformationjas
improve the quality of the software maintainability datasets. According tdatsecleaning
step the software maintainability datasets only required the remowaitbérsto eliminate
variance, and these datasets did not includenaisy or missing valueghis is in line with
previous studies that used the original version of the bug prediction datasets without finding
any missing values problefh54, 155, 199]Regarding the data transformation step, previous
studies performed a pprocessing algorithm to resolve the duplicate instances profl&dis

or the normalisation technique to rescale the large range in the dfi8%ettowever, these
problems were not observed in the software maintainaldlittasets. Therefore, as the
application of all four data prerocessing techniquem the datasets is not mandatdhe
transformatiorstep was not necessqiy?5].

Finally, the findings of applying the data greocessing techniques suggest that these
techniques are very useful for prdirig a new version of the datasets that can be used for other
purposes or to solve problems of the datasets. The findings obtained are compatible with those
of previous studies, in which data geocessing techniques were applied on software quality
datagts[190-194].

RQ5.A.4) How much can prediction models increase or decrease the performance
compared to a baseline (i.e. ZeroR)?

All the prediction models increased their performance over the baseline, except in rare cases.
Additionally, the prediction accuracy of the baseline is considered very low. For example, the
result of MMRE ranges from 5.58 to 15.18, and this range was very far from acceptable
considering the spe da7]f Howeder, i the ptediation smodsl MRE O
accurate than ZeroR or if ZeroR has a bad result, thisinthyate that the prediction is
difficult to achieve[200].

RQ5.A.5)How effective are individual modelsat predicting change maintenance effort?

SVR was the best individual model for predicting software maintainabifitynost cases,
neither homogeneous ensemble models , (iagging and additive regression) or
heterogeneous ensemble models, @tacking and APE) improved the prediction accuracy of
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SVR. According to the results obtained fratatisticaltest the differences between SVR and
other prediction models werenot significant. However, there wasignificantly different
between SVR and stackinghitlipse PDE Ul datasétee Figure 5.10)EThe present findings

seem to be consistent with other research, which found that SVR achieved the highest
performance for mdicting software maintainability across 26 dataf#3$ The findings of

this research indicates that SVR can increase prediction accuracy and perform excellent
generalisatiofl17].

RQ5.A.6) How do homogenous ensemble modeterform in the context of predicting

change maintenance effort when compared to the individual modéls

The bagging ensemble model improved the performance over most of the individual models.
The results of the statistical tests indicate that there were no significant differences among all
the individual models and bagging ensemble models, and the effestveeze smallThis

finding is in line with findingsreported in a previous studyt], and leads to a similar
conclusion, confirming the effectiveness of using bagging ensemble models for predicting
software maintainabilityAlthough SVR as the base model in bagging outperfdrhe
prediction accuracy of other base models, the bagging ensemble model had a minor impact or
no impact on SVRThis result may be explained by the fact that bagging requires an unstable
base model, such as SVRIso, this seems consistent with previaesearchndicating that

SVM may be considered a strong model whose performance is not always improved with
ensemble models, and that SVM as the base model in bagging provided the best prediction
accuracy compared with other prediction mod&lg9]. In contrast,the bagging ensemble
model had a considerable impact on RT and a minor impact on SVR andTKiENetailed
analysis shows that the bagging ensemble model improves the prediction accuracy of unstable
models, such as RT in all datasets, but lower improvesramet observed with more stable
models, such as SVR and KNN in some data3#is. finding supports that of Breim§h28],

who recommended using bagging with unstable models and also confirms the results of
previous research, showing that applying bagging on KNN is not recommended because the
output has few changes in thaihing data via samplinfL82]. However, KNN becmes
unstable if the number of nearest neighbours (K) has a small (t&8higher than one, as
stated by Caprile et dl184].
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The results obtained from applying the additive regression ensemble model are consistent with
the bagging ensemble model, whereas theitimddregression ensemblacreased the
prediction accuracy over most of the individual models and achieved the best result with the
SVR base model. However, the positive impact of applying the bagging ensemble model to
the individual models was better th#éhat of the additive regression, and the opposite result
was reached in the first empirical studygain, there were no significant differences in terms

of the residual values betweadditive regressioandthe individual models, anthe effect

sizes wee small.Additionally, additive regression did not influence KNN, and the same was
observed in the first empirical studi.possible explanation for this finding is that additive
regression begins with an empty ensemble and inserts KNN models sequedbaliver,

KNN calculates the nearest neighbour in the training datasets, and the first result of KNN is
equal to further results. The prediction of additive regression is performed by inserting the
predictions of each KNN model. For this reason, addregeession at each iteration produces

the same results as KNN, which is the same as KNN as an individual model. Therefore,
additive regression does not build the ensemble model from the KNN base model because it
is unable to find an instance that can seawan accurate prediction of the error. According to
multiple comparison results, there were no significant differences between individual models
and homogeneous ensemble models Fsgere5.10).

RQ5.A.7) How do heterogeneous ensemble models perform in the context of predicting
change maintenance effort when compared to the individual models?

Stacking ensemble models increased thBopmance of RT and MLP, whereas they decreased
the performance ovehe remaining individual model3he results obtained by the statistical
tests indicated that there were no significant differences between the individual models and
the stacking ensembiheodel, and the effect sizes were small, except in the case oinrSW&
Eclipse PDE Ul datasewhich performed better than stacking. This finding was consistent
with that in Chapter 4, in which stacking only improved the predictive accuracy of thesmodel
that did not perform well individuallAlthough stacking was built from the diverse individual
models and applied on larger datasets, it did not yield a significant improvement.
Consequently, the experimental results indicate that in some cases Hiegstatsemble

models were not better than the individual models.
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APE improved the prediction accuracy over RT and MLP, and it had a minor or negative
impact in terms of the prediction accuracy in the remaining individual models. These results
are in accodance with those observed in the stacking ensemble models; however, overall,
APE outperformed stacking. Regarding the statistical tests and effect size results, in most
cases, there were no significant differences between individual models and APElensemb
models. However, APE outperformed and differed significantly fiRoimn the Eclipse PDE
Ul and Mylyn datasets, along with the MLP in the Equinox Framework dataset. Furthermore,
there weresignificant differences betweetacking and APE in the Eclips®E Ul dataset.
However, the results of stacking and APE are not very encouraging, and it is difficult to
compare their results with previous studies because these ensemble models are less widely
used than popular ensemble models, such as bagging andnbdd€tr]. A possible
explanation for is that these heterogeneous ensemble models require more base models to
perform effectively [201]. For example, previoustudies revealed that theroposed
heterogeneous ensemble modelsstantially improved the performance of individual models;
however, they used six base models in stack2@®] and seven in APE131]. Another
possible explanation for this is that th@seviousstudies used different combinations of base
models. For instance, APE was integrated with RF, stochasticegtadiéscent, gradient
boosting, logistic regression, \BVVMs, Bernoulli naive Bayes, and multinomial naive Bayes
[131], whereas stacking was integrated WilhP, radial basis function, pruned model tree,
M5Rules, linear regression model and SYA02]. Additionally, prior studies indicated that
RT and MLP produced poor results in predicting sofenaaintainability13, 48} therefore,
stacking and APE performed better than these models.

Nevertheless, conflicting results between the MMRE and MAE and Pred values were
obtained, which is considered a amwn problem in the empirical studies of software
engineerind99]. The observations of the prediction accuracy using Pred values showed that
APE and KNN as individual models or as base models in baggthgdtitive regression in
most cases achieved the highest Pred value$iger5.8 andFigure5.9). This observation
is supported by the work of Laradji et al., which shows that APE achieved a high prediction
accuracy[131]. The second observation from these figures seems to be consistent with other
research that reported the success of KNN in prediction mfid&8$ However, none of the

implemented models in the second empirical study met the model accuracy criteria mentioned
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in Chapter 3 (MMRE O 0.25 and/ o34, 6PrTeid (. 30)
limitation is in agreement with De Lucia et 0], who reported that constructing accurate
effort prediction modeal to meet the accepted criteria is very challen{f20d

Second, | provide the appropriate answers and discussion tsadte following RQ
for the studys.B:
RQ5.B.1) What is the bestselected model byAuto-WEKA to predict software
maintainability in each dataset?
The bestselected model bfuto-WEKA was different in each dataset except RF, which was
selected as the bestodel in the Lucene and Mylyn datasets. By comparing this result with
prior studies of software maintainability predicti@Y, 48] it can be conclded that RF was
the best model in two datasets to predict software maintainabitigrefore, the use of RF to
predict software maintainability will be investigated in the next empirical study. However,
KStar, SVM, and RandomSubSpace achieved the bedicpoa accuracy in the Equinox
Framework, Eclipse JDT Core and Eclipse PDE Ul datasets, respectively. This is consistent
with what was found in a previous study showing that the performance of the prediction
models of software maintainability was diffetdéar different datasefd.6].
RQ5.B.2) How many configurations are attempted to select the best model?
Several configurations were performed to select the best model, rangng from 134 to 428. This
result highlights the effectiveness Afito-WEKA in producing a desired model and saving
time and effort
RQ5.B.3) What are the parametertuning settings in the selected model?
Auto-WEKA provided various settings for the tuning parameter in each dataséfalsiee
5.34). This finding confirms the usefulnessAfito-WEKA in saving time and effort.
RQ5.B4) What are the selected features in the selected model?
Two types of FS, namely the BestFirst filter fotriaute search and the CfsSubsetEval filter
for attribute evaluation, are performed on Equinox Framework and Lucene dafaseist
the limitations ofAuto-WEKA package is that does not provide the metrics that were chosen
by selected feature methodtowever,metrics can be selectedusingse | ect attri but
Weka too] therefore FStechniquesvill be exploredn the nexichapterusing Weka tool.
RQ5.B.5) What are the MAE and MMRE values for the selected models?
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The results of the MAE anMIMRE values are provided imable 5.35. The results of the
experiment clearly indicate the high performance of the models selecfed®YWVEKA.

RQ5.B.6) What is the performance of theselected modeby Auto-WEKA comparedwith

the performanceof the baseline (i.e.ZeroR)?

All the selected models increased the performance over the baseline, with the percentage of
change between MMRE values ranging from B%080 89.78%. This indicates the positive
impact of usingAuto-WEKA to improve prediction accuracy. Based on these findikgiy-

WEKA is recommended as a useful tool to determine the best model for software
maintainability prediction

RQ5.B.7) What is the performance of theselected modeby Auto-WEKA comparedwith

the performance of the best model in the study.A?

The models selected by tiAaito-WEKA tool achieved better prediction accuracy than the
investigated models in Study 5.A, except for KNN and SVR in Eclipse JDT Core and Lucene,
respectively. These findings further support the strong effect of KNN and SVR, as these
models sometimes achievedjher prediction accuracy than the ensemble model and the best
selected models buto-WEKA. This thesis calculated the statistical test only for individual

and ensemble models using their default parameters because this thesis focuses on the default
paraméer of machine learning models: future work, a statisticaltestcan be performetb
explorethe performance difference betwabe modekelectedy Auto-WEKA andthe best

model inStudy 5.A

5.6. Threats to Validity

This section examines the different threats that may influence the results of this study. These
threats commonly occur in any empirical study of software engineering that usesoopes
software projectfl86] and should be considered. The proposed empsiadly may face the
following threats:
1 The bug prediction datasets were extracted from Java syqterhsAs each

programming language has unique features and systems vary inhhecteristics,

these are not representative of all software systems. Further studies should be

performed to investigate machine learning models with other programming languages

and a more extensive range of systems;
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1 The datasets (i.e., bug predictionatatg57]) used in this empirical study are publicly
available. However, no previous studies used these datasets for software
maintainability, which makes comparisons of this study with otherestuiehpossible;

1 In this work, the CHANGE metric is used as a dependent variable, as it-lsne@lh
and commonly used in prior studigg 11-13, 1518, 88, 152, 175{o indicate the
amount of change in a class during the maintenance process or, in other words, to
indicate maintainability. A higher number of changes refers to higher maintenance
effort or low maintainability. Maintainability implies the ease to make and
accommodate maintenance changes, and the CHANGE metric is more related to the
amount of change that is likely to be made to a class. The CHANGE metric is calculated
by summing two metrics: lines added until and lines removed until, which refer to the
lines added to or removed from the classes during the maintenance period, respectively
[57]. The main advantage of this metric is that it has strong relationships with other
metrics (independent variks); hence, it can be used as an indicator for predicting the
maintenance effof®]. Therefore, there is no threat in the dependent variable because
the CHANGE metric is acceptable for predicting the maintenance effort;

1 Theperformance of the ensemble models varies with different datasets. Theitefore
is not possible to validate the capability of these ensembles using only five datasets,
and this might be a recognised threat;

1 Inthis work,only 17 metrics proposed in the gyrediction were usedicluding 6 CK
metrics[26] and 11 OO metricECK metrics are commonly used and widely accepted
in software maintainability predictiol6, 23] In contrastOO metrics are limiteth
the software maintainability prediction, and this may be considered a threat.
Additionally, these metrics are used togetfaar the first time to predict software
maintainability, and there are several metpablishedin the literature, which might
be better predictors for software maintainability;

1 The AuteWEKA tool is used to select the best prediction modigliscombining
different FS and tuning parameters in WEKI&9, 150] However, KNN and SVR in
Eclipse JDT Core and Lucene, respectively, performed better than the best selected

model by AuteWEKA, and this is considered a threat in this tool;
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1 In this study, ANOVA test was performed to test hypotheses about significant
differences between the means of more than two groups, which are five groups in this
empirical study: individual model and this individual model as the base model in
bagging, additive regressiprstacking and APE. One advantage aofparametric
statisticaltest(ANOVA) over nonparametricstatisticaltestis that it produces more
effective results with both continuous and nonnormally datasets. ANOVA test assumes
that the data in the groups are Hane standard deviations and normally distributed,
along with independent samples. Despite the apparent assumption were aacdpted
ANOVA test is suitable for this empirical studynly ten runsvereused which may

haveimpactedthe results.

5.7. Conclusion of the second empirical study

In Study 5.A, preprocessing techniques were performed on new and large datasets (i.e., bug
prediction datasets) collected from five readrld opensource software systems (Eclipse JDT
Core, Eclipse PDE Ul, Equinokamework, Mylyn and Lucene) with the objective of
producing highquality datasets that are appropriate for software maintainability prediction.
This chapter also empirically evaluated and compared the application of homogeneous
(bagging and additive regggion) and heterogeneous ensemble models (stacking and APE)
with five individual models (RT, MLP, KNN, M5Rules and SVR) to predict software
maintainability in OO systems. A new version of the higtality datasets (i.e., software
maintainability predictiopsuitable for software maintainability prediction was provided. The
experimental results indicate the following:

1 Most of the proposed machine learning models improveddbteracy predictionsver
the baseline (i.e., ZeroR model);

1 SVR achieved the best prediction accuracy among individual models, followed by
KNN. These findings are in agreement with previous studies showing the excellent
performance of SVR and KNN.17, 178]

1 Although homogeneous emsble models improved the accuracy prediction over most
individual modelsthere were no significant differences betweenhbeogeneous

ensemble modebnd individual models, and the effect sizes were small;
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In some cases, the bagging ensemble model hmath@r or negative impact on the
prediction accuracy over SVR and KNRis result may be explained by the fact that
bagging improved the performance of unstable base models (e.g.wRéieas it
decreased the performance of stable models (e.g., KNN);

As inthe previous chapteapplyingan additive regression ensemble madeKNN
produced the same results as that of the KNN of the individual models bédazse
instancebased rather than modehsed approach, and additive regressionumable

to improve the initial predictions of KNNn contrast, the prediction accuracy of
bagging ensemble models was better thath of additive regression ensemble models

in this chapteand in Chapter;4

Stacking ensemble models increased the predietazuracy over RT and MLP, but
there was no significant difference between stacking and these models, and the effect
sizes were small. This observation further supports the finding in the previous chapter,
in which stacking only increased the performaoicéhe individual models that did not
perform well;

APE increased the prediction accuracy over RT, MLP, and M5Rules, but there were
no significant differences between these models and APE. However, APE
outperformed and differed significantly froRIT in theEclipse PDE Ul and Mylyn
datasets, along with the MLP in the Equinox Framework datAB#i.enhanced the
performance of all individual models using the Pred value and achieved the best,
seconebest, or thirebest performance compared to other investigatedels;

The prediction accuracy of APE ensemble models was better than that of stacking
ensemble models, atidere weresignificant differences betweatacking and APE in

the Eclipse PDE Ul dataset.

The findings of the current study suggest that ensemibdels can improve the

prediction accuracy of some individual models (i.e., RT, MLP and M5Rulesh&nat were

no significant differences between individual models and ensemble models, except for a few

cases in heterogeneous ensemble mo@I&R and KNN as individual models or as a base

model in bagging and additive regression is a recommended technique for software

maintainability prediction, followed by APEAdditionally, the prediction models applied on
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large datasets (i.e., Eclipse PDE Ul and Myljaye higher accuracy prediction compared
with those applied on small datasets

In Study5.B, the recently developed AMMWEKA tool was demonstrated to the problem
of identifying the best prediction accuracy model for software maintainability prediction
among various machine learning models with different configurations for tuning parameters
and selected features.
The final result provided the bestlected models in each dataset, which are SMOreg in
Eclipse JDT Core dataset, RandomSubSpace in EclipselRDAtaset, KStar in Equinox
Framework dataset, and RandomForet in Lucene and Mylyn datasets. The results obtained in
the study indicate that using the AAWMYEKA tool can considerably influence the performance
of software maintainability prediction modeRhe results indicate that all the selected models
using the AuteWEKA tool outperformed the best model prediction in Sthidy, except KNN
and SVR in Eclipse JDT Core and Lucene, respectively.

The next chapter will further investigate and analyse reaadt large datasets for
software maintainability. In addition, it will explore the extent to which FS and sampling
techniques can assist in meeting accurate predictions. Moreover, other types of machine

learning models will be constructed for the classiitaaproblem to predict chang®goneness.
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Chapter6. ThiEmpiricalEnStumdy e
TechniqgRPResdtot -Change
Pronensssng Newest and
Dat aset s

This chapter aims to investigate the performance of the ensemble model, FS and sampling
techniques on prediction changeneness using four scenarios: (a) datasets without FS and
sampling techniques, (b) datasets with FS and without sampling, (c) datasets without FS and
with sampling and (d) datasets with FS and sampling. For this purpaséyges of filter

based featureanking techniques, namely Relief and Pearson correlation coefficient, were
combined using the ensemble concept to determine the best metrics by averaging their ranks
and selecting the best ten metrics. The sampling teeésifl.e., SMOTE, SpreadSubsample

and randomize) were also combined to solve the imbalance dataset problem. Moreover, three
individual models (NB, SVM, KNN) and one ensemble model (RF) were employed to predict
changeproneness. These models were appliedseven publicly available datasets (i.e.,
refactoring datasets) extracted from ogenrce software systens8]. The performance of

the predicted models was compared and evaluated using the AUC. In the previous empirical
study, the impact of parameter tuning using Awtka was explored; however, the best
prediction model in the second empirical study performed better than the seledidogno
Auto-weka in two datasets. Therefore, this chapter uses a new method to evaluate the impact
of the tuning Mtry parameter, which is the number of variables randomly sampled for splitting

in RF using the grid search.

6.1. Introduction

Changeproneness is dependent variable that indicates whether a change was performed in a
given class (e.g., inserting, removing or editing) and can capture the element of
maintainability. This Boolean variable has the value TRUE if a change was made on the class
(regardles®f the type or number of changes) or FALSE if no change was fhde lower

number of TRUE values in a system, or a lower value of chprgeeness, indicates better
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maintainability, i.e., requires lower maintenance effort. Koru and Tian stated that change
proneness is an essential external quality attribute that can decrease the costs of maintenance
and increase the quality of source c{8]. Metrics have a powerful correlation with change
proneness and can be utilised to measure the internal features of software systems as
independent variables, such @shesion, complexity, and inheritanf203]. However, the

number of metrics used in the literature to predict chamgeeness is considered el

[204].

Ensemble concepts, which combine several outputs instead of a single output, have been
performed in thenachine learning problem to improve the final results. This concept can be
applied in the machine learning modgl$, 23] FS [205] and sampling techniqud206].
However, there are few studies predicting chamgmeness using ensemble modB]s and
no other study that uses ensemble FS and sampling techniques.

The key contributions of this chapter are:

1 The capability of the ensemble mo@&F)in the prediction of changproneness
was evaluated using four different scenarios. To the bedt bfe aut hor 6
knowledge, this is the first study to investigaspects likehe ensemble model,
ensemble FS and ensemble sampling technigyaedicting chang@roneness
The most importarftnding was thaRF provided a significant improvement over
other prediction models and obtained the highest vald&J@f in all scenarios
9 Study using recent and varied datasets, two of which are large and contain more
than 1000 classes (i.e., mct and titan). No previous studredouend using these
datasets to predict chanrgeoneness;

1 The impact oMtry parameter tuning in Rvas exploredising grid search.

6.2. Motivation

Many research studies have explored timdisation of prediction models in software
maintainability. Most of thse studies have predicted change maintenance effort using
CHANGE metric[7, 10-18] andMI [32, 83] butlittle progress has been made in predicting
changeproneness in software maintainabilifys, 23}
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FS techniques have receivettreased attention in recent years owingtheir ability to
improve prediction accuracy and decrease the time to create the model. Additjperdlaps
themainadvantage of FS is to identify the best subset attributes (i.e., independent variables)
to predict the target attribute (i.e., dependent variable). In tératlire related to software
quality prediction, a range of various FS and prediction models have been used to predict
software quality (i.e., defect, change metric, Ml and chawgaeness).Table6.1 shows a
summary of the selected studies in the systematic review of FS techiifjaksg with the
datasets, prediction models and type of prediction.ehisemble methgavhich combines the
output of several FS methods, was used in four selected studies (S4, S8, S9 and S15).
According to the systematic review of F&haiqued4], three selected studies (i.e., S8, S9
and S15) indicated that the ensemble method produced a better prediction accuracy compared
to single FS.

Class imbalance occurs when one class of the dataset has a small number ekinstanc
compared to the others. This is another problem of the dataset becacise learning
models which fail to account fort his end up predicting only from the majority class and
ignoring the minority clasd/arious sampling techniquesay be usetb resdve this problem
by adjusting the class distribution. These techniques are generally classified into three types:
oversampling to increase the observations of the minority class (e.g., SN83JE&nd
UPSAMPLE[206]); under sampling to decrease the observations of the majority class (e.g.,
SpreadSubsamplfs0] and Random under samplif@07]); and ensemble sampling to
combine the results of over and under sampling @MOTE and bootstrap samplifi208]).

Even thoughensemble sampling techniques have been proven to increase the prediction
accuracy, their application in software quality prediction is also relatively{286). These
sampling techniques were appligdvarious fields (e.g., telecommunimms management

[49], emerging patterng0], medical diagnosifbl] and text categorisatids2]). Moreover,
several studies in defect prediction have used multiple techniques toerdbel class
imbalance problem, such as SMO[PR9] data resamplingiith boosting210], random under
sampling[54], threshold muing [211], resampling with adapt online change classification
[212], random undesampling[207] and a roughly balanced bagging moj@dl3]. However,

the application of these techniques in studies of software nrabthty prediction is limited

(e.g., nearer neighbo(B5]).

181



RF achieved the higest prediction accuracy compared with other prediction models to predict
software chang¢47] and fault[37]. Although several studies have used RF with default
parameter settind87, 47, 131, 214}here is no theoretical justification to apply these default
values[138]. As the performance of RF depends parameter values, it is necessary to
investigate RF tuning based on the param¢1&8]. Therefore, the impact of Mtry parameter

tuning in RF using the grid search was investigated in this study

Table 6.1: Summary of FS, datasets angrediction models in software quality prediction.

Study Ref FS method Dataset Prediction model Type 0 f
ID prediction
Filter and wrapper method inside Public dataset from .
S1 [215] e PROMISE software project NB and DT Defect
two classifiers: NB and DT .
repository
; o Public dataset from
S2 [216] Filter and wrgppgr method inside PROMISE software project IB1 and DT Defect
two classifiers: NB and DT .
repository
Public dataset from
S3 [37] Correlationbased feature selectio)] PROMISE software project AIRS, CLONALG, Defect
- Immunos, RF, DT, NB
repository
Ensemble FS: automatic hybrid| Public datasets extracted fro
S4 [217] search, rough sets, Kolmogorov telecommunications KNN, MLP, SVM, NB Defect
) S and LR
Smirnov and probabilistic search software systems
. Public datasets extracted fro
S5 [218] Wrapper methochsu_ie support telecommunications SVM, NB, MLP, KNN Defect
vector machine and LR
software systems
. . . Public dataset from 18 classifiers: NB, DT,
S6 [214] | DT induction, 'ég"Ef and SVMof| - oo OMISE software project| KNN, SVM, MLP, LR, Defect
repository RF et al.
information gainChi-s q u a r €| .
; Public dataset from
two types of Relief (RF and RFW| .
S7 [219] _ gain raticand symmetrical PROMISE software project KNN and SVM Defect
; repository
uncertainty
Ensemble FS: gain ratio,
Kolmogorov Smirnov
statistic,chi-squareRelief Public datasets extracted fro
S8 [220] algorithm,information gain telecommunications NB, MLP, SVM, LR Defect
) : and KNN
symmetrical uncertainty software systems
exhaustive, heuristic and
automatic hybrid searches
Ensemble FSRelief,information Public dataset from
S9 [221] gain,gain ratio,chi-squareand PROMISE software project NB, MLE'RKNN and Defect
symmetrical uncertainty repository )
Information Public datasets extracted fro
S10 [222] gain, Relief gain ratio, chisquare, | telecommunications softwaré NB, ML;n’dKLNFL\I’ SVM Defect
and symmetrical uncertainty systems
Public dataset from
. LSTSVM, DT, NN,
S11 [223] F-score PROMISE software project SVM. KNN and NB Defect
repository
Bayesian networks and K2 seard
algorithm, CfsSubsetEval and Public dataset from
S12 [224] BestFirst search method, Relieff PROMISE software project NB Defect
and Ranker attribute evaluation repository
method
Gradient boosting, LR,
Greedy forward selection, Public dataset from Agpridll?e':lt (Sjtgsc::r?tt ©
S13 [131] correlauonbaseq method V\{'th its PROMISE sftware project multinomial NB, Defect
two variants: P ) :
. N repository Bernoulli NB, regular
and Fisheros )
and weighted support
vector machines
Rough set analysis with-Kheans | Public datasets extracted fro Hybrid neural ne?work (_:hange
S14 18] clusterin two commercial software and fuzzy logic maintenance
9 approach effort
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products and published as &
appendiX9]
Ensemble FS: BestFirst, linear
forward selection, greedy Partial datasets extracted S
S15 [83] stepwise, evolutionary search, | from 20 systems available ir MLR, MLP, S\./R and Mam_talnablllty
- - M5P regression tree index
genetic algorithm, PSO, tabu sourceforgenet
search
MVEC, WVEC, HIEC,
S16 23] Correlationbased ES Partla] datas_et e_xtracted fro WVHIEC and seven Change
android application package individual particle proneness
swarm optimizations

**

NB: Naive Bayes, DT: Decision Tree, IB: aninstarmzse classifier, RF: Random Forests, AIRS: Atrtificial Immune Recogn
Systems, KNN: K Nearest Neighbors, SVM: Support vector machine, SVR: Support vector regression, MLP: Multilayer perBep
Logistic Regression, MLR: Multi Linear Regression, LSTSVM: Linear Twin Support Vector Machine, NN: Neural Network, CLO
: Clonal selection algorithm, MVEC: Majority Voting Ensemble Classifier, WVEC: Weighted Voting Ensemble Classifier, HIEC
InstanceEnsemble Classifier, WVHIEC: Weighted Voting Hard Instance Ensemble Classifier.

The lessons learned from previous studies discumsavke and selected primary studies

in Chapter 2 are as follows

T

Relatively few studies have been performedpnediction chang@roneness
compared with other software maintainability measurements such as change
maintenance effort and Ml;

Several machine learning models have been employed in regression problems,
whereas less work has been performed in classificatioblems;

A limited number of metrics have been used as predictors of clprogeness;
Although ensemble models have yielded improved prediction accuracy over
individual models, limited studies used these models to predict ciprogeness

(e.g., baggig and boosting ifil6] (S47 in selected prinma studies in Chapter

2) and majority voting, weighted voting and hard instance ensd28}1€556 in
selected primary studies in Chapter 2));

There is clear evidence of the lack of adequate research on the use of FS and
sampling in changproneness, and no applicationtbé ensemble concept in
these techniques in changmneness was found,;

Despite several uses of FS proposedable 6.1, only one study used FS to
predict changg@roneness. This study used partial datasets, which are not publicly
available, but they were collected from ogmurce software systems;

The systematic revieyd] indicated that the FS techniques used @ble 6.1

achieved better prediction accuracy than using all features (i.e., without applying
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FS). Moreover, the use of ensemble FS outperformed other FS methods in three

studies (i.e., S8, S9 and S15);
1 RF was the most frequently used in the systematic review of FS techfdgues

and achieved the best prediction accuracy in previous st[8#e<l7] Thus,

there is a real need to perform RF in this chapter and investigate the influence of

Mtry parameter tuning using the grid search.

To fill the gapsin these previous studies, the empirical study was designed to predict

changeproneness using three individual models and one ensemble model. These models are

the most frequently applied ifiable6.1. Additionally, ensemble FS techniques were used,

including Rel

ef

and Pearsonods

correl ati

on,

Table6.1. To make the predictive models refutable, confirmable and repeatable, recent public

datasets publishad [58] and available on the PROMISE Repositfi§9] were used.

6.3. Research Method

The research method is defined by the research objectives, RQs and research framework to

address the problem of predicting chaipgeneness accurately. Thamaryobjective of this

chapter is to evaluate the impact of ensemble models (RF), ensembld FS RE

and

Pear

correlation coefficient) and ensemble sampling techniqgues (SMOTE, SpreadSubsample and

randomize) on the performance of the prediction of chqngeenessThe interaction between

feature selection and sampling is examined via the fatigWiour scenario

First scenaria datasets without FS and sampling techniques.

Second scenariodatasets with FS and without sampling techniques.

Third scenario: datasets without FS and with sampling techniques.

Fourth scenario: datasets with FS and sanmgj techniques.

Table6.2 illustrates the scenarios explored in the empirical study.

Table 6.2: Scenarios in the empirical study.

FS techniques

Sampling techniques

First scenario

No

No

Second scenario

Yes

No

Third scenario

No

Yes

Fourth scenario

Yes

Yes
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These scenarios were studied because the datpsetent two problems: (I) high

dimensionality, which includes irrelevant and redundant features, and (ll) imbalanced classes.

This poses a difficulty regarding which model to apply first: the FS for the high dimensionality

or sampling techniques for the limlanced classes. Furthermore, these scenarios help to

evaluate and compare the impact of ensemble FS and sampling techniques separately in the

second and third scenarios and together in the fourth scenario. Three data analyare steps

performedbefore conducting these scenarios: (I) removal of empty values attributes; (II)

removal of redundant attributes, which are perfectly correlated with the dependent variable;

(111 removal of attributes that have a strong correlation with other attribut@sdVer, there

are three further steps after applying data analysis methods, namely normalisation, ensemble

FS and ensemble sampling techniques Fsgere6.2).

The fourth scenario is designed to resolve both problems (high dimensionality and class

imbalance) and to avoid biased results fromstinapling techniques. Therefore, the ensemble

FS was applied using two filtdra s e d

featur e

ranki

ng

techni

correlation coefficient, to the fourth set of differently sampled data purely for the purpose of

performing FS techniquesh& sampled data includes datasets without sampling, datasets with

SMOTE sampling, datasets with SMOTE and SpreadSubsample with the parameter set to 1,

and datasets with SMOTE and SpreadSubsample with the parameter set to 2.1, and these

parameters define ¢hdistribution spread ratio between the minoaibd majorityclasses as

50:50 and 35:65. Then, the average of the feature ranking techniques across atimeed

sampled data was computed. Finally, the best ten features with the highest ranking from the

TLoad datasets after data analysis step
Create fourth different sampled data

Apply ensemble feature selection
techniques to sampled data

¥

techniques

{ Compute total average of these J

data

{ Select best ten features from sampled J

Figure 6.1: Framework of the fourth scenario.
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datasets in the third scenario were selected (i.e., datasets without FS and with sampling
techniques, namely SMOTE, SpreadSubsample with 2.1 ratio and randofAnzeg 6.1
illustrates the framework of the fourth scenario.

The five RQs were focused to accomplish the objectives of this chapter
RQ6.1) What is the impact of ensemble E&hniqueson the performancef prediction
models?
RQ6.2) What is the impact of ensemble sampliaghnique®n the performance of prediction
models?
RQ6.3) What is the impact of applying both ensemble FS and sami@oimiqueson the
performance of prediction models?
RQ6.4) How effective are individual models and how do ensemble models perform when
compared to the individual models in the context of predicting chprayjeeness?
RQ6.5) What is the impact of theltry parametetuningin RF?

Figure6.2 shows the framework of the research method, which contains several steps:
Step 1.Loading of seven datasets (i.etyx, junit, antlr4, mcMMO, MapDB, mct andtitan)
that were manual |y 5]tdahadyseeafactdriggs tHreugveral s et
subsequent system releafsB)]. These datasets were extracted from seven-sperce Java
systems in GitHul427], and include 125 source code metrics toaun the independent
variables and one metric called Refact Sum that is used as the dependent variable to reflect
changeproneness and capture the element of maintainability. The datasets are described in
Section 3.4.3;
Step 2.Analysis of the dataseto eliminate the metrics that contain empty values, direct
relationships with the dependent variable, orratundanimetrics (strongly correlated with
each other). This step is part of the feature selection process performed before all scenarios
mentionedn Table6.2 using manual analysis, descriptive statistics and Spearman correlation
Step 3.Application of normalization to the set values of the dataset between 0 and 1,
Step 4.Execution of ensemble FS usingtRee | i ef and Pearsonds cor
calcdation of the average of these techniques, and selection of the best ten metrics (features)
from each dataset;
Step 5. Execution of ensemble sampling techniques, namely SMOTE, to perform

oversampling by increasing the number of minority classes, anddSulesample to perform
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under sampling by decreasing the number of majority classes, and randomization to randomly
rearrange the instanc@he main reason for applying this randomization is to avealfitting

in tenfold crossvalidation because the SMOTEchnique inserts additional instances (True
values) at the end of the dataset;

Step 6.Execution of four different scenarios across seven dat&sessscenario (i.e., Steps

1, 2 and 3)Second scenaridi.e., Steps 1, 2, 3 and 4)hird scenario (i.e., Steps 1, 2, 3 and

5) andFourth scenario(i.e., Steps 1, 2, 3, 4 and 5) ($8gure6.2).

Step 7.Division of all previous datasets into ten setsngsienfold crossvalidation. The
datasets were divided into training sets to build prediction models and testcsetyparahe
performance of prediction models using AUC;

Step 8.Construction of prediction modelghich encompass threen di vi d u(BlB, mod el
SVMandKNN)and one engRFEmbl e model

Step 9.Prediction of changproneness by evaluation and comparison of the results of four
prediction models across four scenarios to determine the most agredit¢ion modelsing

AUC as the measure of comparison.
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Load seven datasets

!

| Analyse seven datasets ’

|

| Apply normalization ’

!

‘ Perform ensemble FS ’

|

‘ Employ ensemble sampling ’

Build
models

Construct sets of individual
models

! |

‘ Predict Change-pr I:

Test
models

Construct ensemble model ‘

Ten-fold cross validation

Evaluate and compare results

Figure 6.2: Framework of the research method.

6.4. Experimental Data Setup

The following subsections present the evaluation of the dataedtamedin this empirical
study, along with the explanation of the dependent and independent variables. They also
provide details about the dataset analysis using descriptive statistipeardnan correlation.

Finally, they show the data pprocessing that includes normalization, FS and sampling

6.4.1 Evaluation of refactoring datasets

In this chapter, seven publicly available datasets proposed in [44], called refactoring datasets,
were peformed. However, only the class metrics that contain 125 independent variables, and
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one dependent variable (i.e., Refact_Sum), defined as the total number of refactoring changes
that occurred, were used. Refact_Sum was used as an indicator for-phamgess and
assumes the values True or False, making this a classification problem

Additionally, the relative maintainability index attribute was removed from the datasets
and not used as a dependent variable because it is a relative attribute denivads&bof
source code metrids8], some of which appear as independent variables. As this index is
derived from metric values, rath#ran being directly based on observations of maintenance
effort, it does not accurately reflect the maintenance effort; in addition, as a dependent variable,
a machine learning model would just learn the function that defines the relative maintainability
index [58]. The explanation of independent and dependent variables will be presented in the
next two sectionsl'able6.3 provides a summary of the datasets used in this chapter, including
dataset name, number of classes, number of releases, time interval aja8liRlhe new
version of these datasets after removing the refactoring variables and relative maintainability
index and after convertingefact_Sum to Change_Prone is provided in the following link:

https://zenodo.org/record/4266681#.X6rMvmgzY 2w

Table 6.3: Summary of the daiasets.

Dataset name # Classes | # Release Time interval URL

antir4 436 5 21/01/201822/01/2015 https://github.com/antlr/antir4

junit 657 8 13/04/201228/12/2014 https://github.com/juniteam/junit
MapDB 439 6 01/04/201820/06/2015 https://github.com/jankotek/MapDB
mcMMO 301 5 24/06/201229/03/2014 https://github.com/mcMM@ev/mcMMO
mct 2162 3 30/06/201227/09/2013 https://github.com/nasa/mct

oryx 536 4 11/11/201810/06/2015 https://github.com/cloudera/oryx

titan 1486 6 07/09/201213/02/2015 https://github.com/thinkaurelius/titan

6.4.2 Dependent variable: change -proneness

Changeproneness is a dependent variable that reflects changes performed in a given class
(e.g., inserting, removing or editing) and can capture the element of maintainability. This
Boolean variable has the values TRUE if the change wae mia the class or FALSE if no
change was made, regardless of the types and number of changes. The Refact_Sum attribute
contains the total number of source code refactoring operations that have been applied in each
class a certain observation peridthis attribute was treated as Boolean by assigning TRUE if

the sum of refactoring contained any number or FALSE if the sum of refactoring was zero.
Table 6.4 lists the number of True and False values in the chprg®eness attribute (i.e.,
dependent variable). This table indicates the differences between the number of True and False
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values, which makes the class of dependent variable highly imbalancece Hesthof the

aut hordés knowl edge, there iIs no standard aj
number of True and False values. Therefore, this difference was categorized into small,
medium and large according to the percentage of True values dathsets: values less than

1% correspond to a large difference, values less than 2% refer to a medium difference and
values out of these ranges indicate a small difference. The percentage of True VEdds in

6.4 is considered very small, ranging from 0.69% to 5.28%.

Table 6.4: Number of True and False values in the changpronenessattribute.

Dataset # True | % True % False | Category of difference
name #Instances value value # False value value between True and False
antlr4 436 23 5.28% 413 94.72% Small

junit 657 9 1.37% 648 98.63% Medium

MapDB 439 4 0.91% 435 99.09% Large

mcMMO | 301 4 1.33% 297 98.67% Medium

mct 2162 15 0.69% 2147 99.31% Large

oryx 536 15 2.80% 521 97.20% Small

titan 1486 13 0.87% 1473 99.13% Large

6.4.3 Independent variable s: source code metrics

The independent variables include 125 metrics, which can be grouped into ten categories as
follows: cohesion, complexity, coupling, documentation, inheritance, size, code duplication,
warning, rules and refactoring. All the independent variableswaresrc and were collected

using the SourceMeter static code analysis {@66. Heged Ts et howlthey descr
extracted these metri¢§8],and t heir expl anation i H56jal so | |
The metrics used as independent variables in this chapter and their category are provided in
Table3.6 in Section3.4.3.

6.4.4 Datasets analysis

The primary objective of the dataset analysis is to remove the metrics that are directly related
to the dependent variable, correlated with each other, or with zero values. This stage is
performed using the following techniques: manuahleation, descriptive statistics and
Spearman correlatiofirst, 23 refactoring metriasientioned inrable3.6 were removed from

the independent variableShese are related to specific refactoring changes that have taken
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place and are not relevant for the prediction of change proneness and woplejaldice the
outcome of the study as they identify when a change has been made.

Secong metrics with zero values in the results of descriptive statistics were removed
(seeTableb.5), because they cannot be used as predictors for target variable, as recommended
by Briand et al[198]. From Table6.5, 21 mdrics were removed from some of the datasets,

and 7 metrics were removed from all datasets.

Table 6.5: Metrics with zero values that were removed using descriptive statistics

Datasets
antl4 junit MapDB mcMMO mct oryx titan
WarningBlocker * * * * *
Android Rules * * * * * * *
Brace Rules *
Clone Implementation Rules * *
Code Size Rules *
Comment Rules *
Complexity Metric Rules
Coupling Rules *
Empty Code Rules *
Finalizer Rules * * * * * *
Import Statement Rules * *
J2EE Rules *
Jakarta Commons Logging Rules * *
JavaBean Rules *
MigratingToJUnit4 Rules
Migration Rules
Migration13 Rules
Migration14 Rules
Migration15 Rules
Security Code Guideline Rules
Vulnerability Rules * * *

Metrics

* * * * *

* * * *

*| k| k| *| o+
*

*
*

H [ k| k| k| *
*
*
*
Bl B I I
| k| k[ *]| o*

b I B I I B B

Third, a Spearman correlation, which is a wkiHlown statistical measurement to
compute the strength (i.e., strong or weak) and direction (i.e., positive or negative) of the
relationship between two variables, was perforf@@®]. This correlation was used to remove
redundant variables and prevent multicollinearity that occurs when one independent variable
in aprediction model can be predicted from other independent variables with a high accuracy
[226]. This FS technique was applieéfore building any prediction model to avoid skewed
or misleading results. Variables with a correlation coefficient of +1.0, +D®0r-0.9 were
eliminated; however, no negative correlations were found in these dalad®é6.6 presens
the results of the strong correlations and shows the attributes that were removed using
Spearman correlation. The results of this table indicate that 35, 337383, 32 and 38
metrics were removed from antl4, junit, MapDB, mcMMO, mct, oryx and titan, respectively
Furthermore, the CC metric had a strong correlation with CCL, CCO, CI, CLC, CLLC, LDC,
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LLDC and Clone Metric Rules in all datasets and NL and NLEeve¢so strongly correlated
in all datasets.

Table 6.6: Strong correlation metrics using Spearman correlation.

Strong correlation metrics with 1 or 0.90 values Datasets
Metrics retained Metrics removed junit MapDB | mcMMO
cC CCL
CCO
Cl
CLC
CLLC
LDC
LLDC
Clone Metric Rules
NL NLE
wWMC TNOS
TNLM
TLLOC
TLOC
NOS
RFC
LLOC
LOC
NLM
NOD \
NLS \
TNPM
Complexity Metric Rules
String and StringBuffer Rules
RFC AD \
PDA \
AD DLOC \ \ \ \%
PDA \ \ \ V
TNOS V
TNPA V
CD TCD V
CLOC
TCLOC
TNLS
TNS
DLOC PDA
TCLOC \Y
TCD TCLOC \
CLOC DLOC
TCLOC
PUA NLPM
TNLPM
Documentation Metric Rules
DIT NOA
NOP
NOC CBO
NOD
LLOC LOC
NOS
TLLOC
TLOC
TNOS
NPA
TNLPA
NLPA
LOC TLLOC
TLOC
NA TNA \
NG TNG V \
NLG
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NLA TNLA \ \ \ \ \Y \ )Y
NLG TNLG \ V \
NLM NLPM \Y \Y \Y \Y
NM Vv
TNLM vV Vv vV \Y \Y
NLPA TNLPA Vv V \
NPA \Y
NLPM NII \
NLS \Y
TNLPM \Y Vv \Y \Y
NLS TNLS \ \ V \
NS vV \Y
NPM TNPM \ \
TNLM TNM V
NM NPM \Y \Y \Y \Y
TNM \ \ \Y \ \Y
TNPM Vv \Y
TNLS TNS \
NPA TNPA \Y
NOS TLLOC \
TLOC \
TNOS \
NS TNS \ \Y
WarninglInfo TNS \
Documentation Metric Rules Vv
Design Rules V
Vulnerability Rules V
Brace Rules \
WarningMajor Unnecessary and Unused Codg \%
Rules'

Table6.7 shows the number of metrics removed at each data analysis stage and reveals
that the number of independent variables remaining was 587588, 60, 55 and 52 in antl4,
junit, MapDB, mcMMO, mct, oryx and titan datasets, respectively.

Table 6.7: Number of metrics removed in each data analysis technique.

Analvsis Datasets
Y Description of metricsremoved ant4 [ junit | MapDB [ mcMMO | mct [ oryx [ titan
technique -
Number of metrics removed

Manual Remove refactoring metrics that are

analysis directly related to the dependent variab 23 23 23 23 23 23 23
Descriptive Remove metrics witkzero values 13 15 14 17 9 15 12

statistics
Spearman | Remove metrics with a strong correlatio|
correlation with others 35 32 31 37 33 32 38

The descriptive static of these metrics after applying data analysis are presented in
Table C2, Table C3, Table C4, Table C5, Table C6, Table C7 andTable C8 in Appendix
C. The minimum values are zero or one in all datasets. In contrast, the maximum values are
575 in CLOC metric in antlr4 dataset, 662 in TNM metric in junit dataset, 11272 in LLOC
metic in MapDB dataset, 1160 in LOC metric in mcMMO dataset, 1390 in Warninginfo
metric in mct dataset, 179 in NIl metric in oryx dataset and 1104 in WarningMinor metric in

titan dataset. Thus, there was a considerable difference between the maxichommmum
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values in all datasets. For this reason, normalization was applied, which will be described in
the next section. Another important finding was that the average values of Warninginfo metrics
were high in all datasets, ranging from 8 to 15. The remamgtgcs have different values of

descriptive static, which suggests that the datasets have varying characteristics

6.4.5 Data pre -processing

Data preprocessing is dundamentaldata mining technique performed to resolve issues
related to the datasets, such as incorrect, missing, imbalanced and inconsisf@abfidtae
datasets used in this chapter had several problems that required the application of some of the
data preprocessing techniques. Initially, as the values of the independent variables had a
different range, a normalizah was applied to set their range from 0 to 1. Second, as the
datasets are considered high dimensional because they contain several independent variables
(i.e., 125 metrics), sets of FS were implemented to determine relevant features. Finally, as the
clases in the dependent variable (i.e., chamgmeness) were clearly imbalanced, as
presented ifTable6.4; sampling techniques were applied to balarataskts. These techniques
are described in the next sections

A. Normalization
Normalization is a common technique employed when the values of numeric data have very
different scaleslt is also essential for the application of some machine learning models th
use scalsensitive distance metrics, such as KNN which uses Euclidean distance to identify
the nearest neighboursn this study, the datasets were linearly rescaled using thévidin
normalization to normalize all numeric values in the datasets to the interval [(R5]]

B. Feature selection
Spearman correlation was applied in the data analysis step tonawibicbllinearity, and this
was necessary for all scenarios. In this sectt@was performed in the second andrfo
scenarios as farrther stepto improve the quality of the dataset as it still contained numerous
features. Additionally, FS is considered one of the critical steps in daprgquessing, and it
helps to address two general types of problems in taselfl 25]: irrelevant, which refers to
features that do not have any effect on the target features, amdiaed, which refers to two
or more independent variables with the same [22F]. In addition, these techniques have

been used to increase prediction accuracy, reduce the model building time, and identify the
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most vital features that affetite target attribute (e.g., chargeneness or faufironeness,
etc.).There are four basic methods currently adopted in research on FS: (1) the filter method,
which determines the features without building machine learning models using heuristically
idertified relevant knowledgf28]; (2) the wrapper method, which combines features into a
prediction model to choose relevant feat229]; (3) the embedded method, which applies

FS as a part of themodelling process and does not divide the model from the F3$238ait

and (4) the ensemble method, which integrates the output of several FS techniques (e.g.,
Pearsonbés correlation coefficient and best
(e.g., the highest ranking and the best sgbistures)205]. Although the ensemble FS
method has proven to be an excellent method to improve the prediction accuracy compared
with other individual methods, a limited number of studies have applied this method in
sdtware quality predictiof4].

In this chapter, the ensemble method was used to determine the best features using two
types of fiterb ased feature ranking techniques, nan
coefficient. These techniques mgechosen mainly because they are the most frequently
performedn the selected primary studies mentionedable6.1. First, these techniques were
applied on the datasets that assign a score to each feature; then, the average score of two filter
based feature ranking techniques was calculated. Secondstherb&aturethat record the
highest scores were selected. There is no clear evidence in the literature of a suitable number
of features to sele¢207]; the number of features chosen was determined by previous studies
either by identifying the number of featuf@22] or employing a cuoff value[118]. In most
cases, these features had the saut®ff value (0.1).These techniques were applied using
WEKA and the parameters were set as the default values. A brief description of the FS
techniques used in this studyprovided below

1. Relief
Relief is one of théilter-based feature ranking techniques provided by Kira and R¢adg]|
The rank of features is computed in Relief by specifying a zalee to all feature weights.
Then, Relief assigns a score of feature value by determining differences between the nearest
pairs of instances. Relief compares a randomly selected instance with another instance in the
same class (nearest hit), where thetdee score decreases, and with another instance from a

different class (nearest miss), where the feature score increases. Relief is performed by
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searching nearest misses and hits and calculating their average to assign the weights of each
feature. Finally all the feature weights are modified to have a specific score. The Relief
extends from Relief algorithm, which resolves multiclass and noise problems in the datasets
[231].
2. Pearo n Garelation Coefficient
The Pearsonds cor r e lchobsesmatricsthat bavd a hgh acomelatiort e ¢ h n
with thetarget attribug [232]. This technique is implemented by calculating the correlation
coefficient between independent and dependent varidblesar sond6s correl ati c
thecovarianceof two variables divided by theutputof theirstandard deviatiorAccording
to the vale obtainedthe correlation can be classified into strong positive, with a vatae
to +1, strong negative, with a valnearto -1, and uncorrelated, with a value equal to zero
[177]. The relationship between variables can also be classified into positive (+), in which the
variables are directly proportional, and negative ifi which the variables are inversely
proportional[48].
C. Sampling

The class imbalance occurs in the classification problem as the classes (True and False values)
in the dependent variable (chaRg®neness) are not approximately similar in their
distribution and one class has a very small minority. Ingtidy, all thedatasets have a very
small minority of True values (s€Eable 6.4). Classes imbalance is considered a serious
problem that leads to bias prediction adebtowards the majority class because a prediction
model tends to increase prediction accuracy by disregarding the minority class and learning
from the majority clasgs0].

To resolve the class imbalance problem, sampling techniques are introduced, including
oversampling to increase the observations of the minority class and angeing to decrease
the observations of the majority class. The main advantage of oversampling is to maintain all
the observations of both the majority and minority classes, but this may result in overfitting.
In contrast, as under sampling eliminates satgervations, essential information may be
removed. However, there is no clear indication of the best techjigag

Therefore,ensemble sampling techniques were performed in this study to resolve the
class imbalance problem and improve the overall performance. Sets of three sampling

techniques that involve SMOTE for oversampling, SpreadSubsample for under sampling, and
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randomize ér mixing the order of the instances were applied. Ensemble sampling integrates
the results of over and under sampling, in which SMOTE inserts more True values and
SpreadSubsample removes some False valuesef explanation of the sampling techniques
used in this study is presented in the following sections

1. SMOTE
SMOTE is an oversampling technique that increases the number of observations in the
minority class. SMOTE generates synthetic objects based on the nearest neighbour of each
sample in the minaly class. This synthetic object is computed using the variation between
samples of the feature space under consideration for each dependent variable and its nearest
neighbour. After that, this variation is multiplied by a random number between 0 and 1.
Therefore, the new observations gmeducedby integrating both features of the dependent
variable and its neighbours and the observations are not duplicated from the existing
observations in the minority class. This procedure effectively increases theabioser of the
minority class and creates comprehensive sanipEs234] The number of observations is
based on the SMOTE percentage, which is a multiple of 100 and should not exceed 300, as
recommended if235]. Although previous studies used different percentages for SMOTE
[234,236]t o t he best of the authordos knowl edge,
the SMOTE percentage in the literature. Therefore, this parameter was adjusted to 100%,
200% or 300% based on the category of differdreteeen True and False mentionedale
6.4, in which 100% was used for small, 200% for medium and 300% for large. However, the
same ratio of Spr&libsample was used, which creates datasets with the same percentage of
True and False value$able6.10 in in Section 6.5.2ncludes results of SMOTE andore
details about the selection of the percentage

2. SpreadSubsample
The SpreadSubsample is an under sampling technique that decreases the number of
observations in the majority class by generating a random subsample from the dataset. The
SpreadSubsample identifies the class distribution by randelimiynatingobservationgrom
the majority class. This distribution is calculated using a Spread value, which is a parameter
for the maximum class distribution spread between the minority and majority da6ses

This parameter was set to 2.1, whinHdicates that thdistribution spreadatio between the
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minority and majorityclasses is 35:69n the fouth scenario, this parameter was set to 1,
which refers to a uniform distribution, thus the classes were balanceé8 ¢oly.

3. Randomize
The SMOTE technique inserts more instances (True values) at the end of the dataset, and this
leads to overfitting in teffold crossvalidation. For this reason, the randomization was applied
to change the order of the instanf237].

Table6.8 illustrates the parameters used in Weka for sampling techniques. As shown in
this table, all the parameters are default values in Weka etteeiercentage in SMOTE,
which is modified to 200 or 300 according to th#erence between True and False, and the
default value is 100. Additionally, the distribution spread in SpreadSubsample is changed to
1.0 or 2.1 (the default value is 0.0).

Table 6.8: Parameters used in Weka for sampling technigues.

Sampling techniques Parameters
-C0-K5-P 100.0S 1
SMOTE -C0-K5-P 200.0S1
-C0-K5-P 300.0S 1
-M1.0-X0.0-S 1
SpreadSubsample
-M2.1-X0.0-S1
Randomize -S42

6.5. Results and Analyses

This section discusses the results obtained. Initially, the results of the application of ensemble
FS and ensemble samplingre presentedin sequence, the prediction accuracy of four
predictionmodels in terms of AUC across four different scenarios are compared and evaluated,
and the best prediction models are determined. Finally, the results are validated using tests of

significance.

6.5.1 Results of feature selection

Rel i ef and P e acoefficgemtdeshniques rinr tieel easemble S evaluate each
feature or metric and assign a rank to them. Thus, the average oftébbagues was
calculatedand the best ten metrics across seven datasets that impact onutoensyess were
selected, which arprovided infable6.9. The overall results demonstrate that different metrics

subsets were obtained from each dataset, and that the maximum number of metricdrselected
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each dataset was three, namely PUA, WarninglInfo, WarningMajor, JUnit Rules, String and

StringBuffer Rules, RFC, Cohesion Metric Rules and WarningMinor.

Table 6.9: Best ten metrics using ensemble F@ethod.

Metrics

Datasets

)
=
=
N

junit

MapDB

mcMMO

mct

oryx

titan

CcC

Vv

LCOMS5

PUA

\Y

NM

WarningInfo

\Y

WarningMajor

Clone Metric Rules

JUnit Rules

String and StringBuffer Rules

Type Resolution Rules

< <K<K IKIKLIKLIKLIL <

NOI

RFC

LLOC

TNM

TNOS

< <L ILKI<

WarningCritical

Cohesion Metric Rules

Type Resolution Rules

<|I<

WarningMinor

Basic Rules

Complexity Metric Rules

Controversial Rules

Migration Rules

Naming Rules

Strict Exception Rules

< << IL<ILKIKL|I<

NL

CBOI

NIl

NA

NLA

Empty Code Rules

< KKK KL<

Strict Exception Rules

CBO

Coupling Metric Rules

Optimization Rules

<I<|I<

AD

CD

NLG

NLM

NLPM

NPM

Documentation Metric Rules

< <K<K IKIKIK|I<

TNLPM

Size Metric Rules

<I<|I<

6.5.2 Results of sampling

Sets of three sampling techniques were employed, namely SMOTE, SpreadSubsample and

randomize, and their results were integrated using an ensemble concept. The main reason to

use these techniques is to resolve the class imbalance probligm dependent variable

(changeproneness). First, SMOTE was applied to increase the number of instances in the

minority class. Different percentages were set for SMOTE to present the amount of
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oversampling, and these percentages depend on the cabéglififgrence between True and

False values mentionedTiable6.4. Table6.10 provides the number of True and False values

before and after applying SMOTE, along with their percentages
Table 6.10: Results before and after applying SMOTE.

Before applying SMOTE After applying SMOTE

% % % of % %
Dataset # # True # False # # True # False

True False SMOTE True False
name Classes | value value Classes | value value

value value value value
antlr4 436 23 5.28% | 413 94.72% | %100 459 46 10.02 | 413 89.98
junit 657 1.37% | 648 98.63% | %200 675 27 4 648 96
MapDB 439 0.91% | 435 99.09% | %300 451 16 3.55 435 96.45
mcMMO | 301 1.33% | 297 98.67% | %200 309 12 3.88 297 96.12
mct 2162 15 0.69% | 2147 99.31% | %300 2207 60 2.72 2147 97.28
oryx 536 15 2.80% | 521 97.20% | %100 551 30 5.44 521 94.56
titan 1486 13 0.87% | 1473 99.13% | %300 1525 52 3.41 1473 96.59

The values inTable 6.10 indicate that after performing SMOTE, the classes in the

dependent variable were still imbalanced. Although the classd@bte 6.10 were still

imbalanced, the differences between the number of True and False values decreased compared

with the differences ifable6.4. In sequence, the SpreadSubsample technique was applied to

decrease the number of instances in the majority class. The Spread value (default parameter)

was changed from zero to 2.1, which indicates that the maximum ratio between the majority

and minority tasses is 35:65. The results of this technique are presentedlst.11.

Table 6.11: Results before and after applying SpreaBubsample.

Before applying Spreadsubsample After applying SpreadSubsample
# % #
Dataset # True | %True % True # False| % False
# Classes False | False # Classes | True
name value value value value value
value | value value
antlr4 459 46 10.02 413 89.98 142 46 32.39 96 67.61
junit 675 27 4.00 648 96.00 83 27 32.53 56 67.47
MapDB | 451 16 3.55 435 96.45 | 49 16 32.65 33 67.35
mcMMO | 309 12 3.88 297 96.12 | 37 12 32.43 25 67.57
mct 2207 60 2.72 2147 | 97.28 186 60 32.26 126 67.74
oryx 551 30 5.44 521 94.56 93 30 32.26 63 67.74
titan 1525 52 3.41 1473 | 96.59 161 52 32.30 109 67.70

Finally, applying SMOTE inserts additional classes (rows) at the end of each dataset,

which leads taverfitting in tenfold crossvalidation. Thus, randomization was performed to

rearrange the rows and avoid the overfitting problem
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6.5.3 Results of p rediction models

In this section, the results of the empirical study are presented and analysed. Fouompredict
models involvinghree individual models (i.e., NB, SVM and KNN) and one ensemble model
(RF) were employed on seven datasets. Each prediction model was constructed using four
different datasets extracted from the four scenarios analyseddb&5.2). Therefore, the
total number of prediction models was 112: 7 datasdtscenariox 4 prediction models.

Figure6.3 shows the box plots of the AUC of each prediction model across the seven
datasets for the four scenarios ($able6.2). The mean value of the AUC values is indicated
by an AXo0, the upper and | ower | ines hef the
middle horizontal line across the box represents the middle quartile. The prediction model
which has the highest AX0 values and the spr
important to mention that because of the way that the scenastescanstructed, the test sets
used for evaluating sampling methods in the third and fourth scenarios were different from
those used for the nesampling methods in the first and second scenarios. For this reason, the
comparison between these two distigiups of scenarios (first and second, versus third and
fourth) has not been carried out as it would be invétic observed irFigure 6.3 that RF
attained the highest prediction accuracy in all four scenarios. Additionally, RF improved the
prediction accuracy in the mct dataset over other datasets, reaching 0.86 and 0.82 values in the
third and fourth scenarios, respectively. This finding further supphe concept that RF
provides the best prediction accuracy for large datasets, as the mct dataset has a higher number
of instances compared to other dataf2t$ (2162 in tke first and second scenarios and 186 in
the third and fourth scenarios). Indeed, RF reaches good prediction accuracy with respect to
the individual models.
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Figure 6.3.A: Box plot of the AUC valuesfor prediction models onthe first scenario.
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Figure 6.3.B: Box plot of the AUC valuesfor prediction models onthe second scenario.
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Figure 6.3.C: Box plot of the AUC valuesfor prediction models onthe third scenario.
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Figure 6.3.D: Box plot of the AUC valuesfor prediction models onthe fourth scenario.

Figure 6.3: Box plot of the AUC values for prediction models on the scenarios analysed.
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Table6.12, Table6.13, Table6.14 andTable6.15 present the results of AUfor prediction
models across seven datasets in the first, second atinil fourth scenarios, respectivélje
prediction accuracy in terms of AUC measurement was evaluated, and the results of each
scenario were presented separately considering the following agpesitsthe performance
of the investigated prediction model was compared with the baseline, which is based on the
dependent variable only (i.€hangepronenessand predicts the mode value of this variable.
Second the best model in each dataset was idedtifilee highest AUQ, and indicated by
Boldface values (highlighted in light green) in the tabldstd , the besmodel in all datasets
was identified and usinBoldface with underlined values (highlighted in dark green in this
table.Finally, the best moel to predict changproneness was determined.

A. Baseline
A baselineis providedin Table6.12, Table6.13, Table6.14 andTable6.15 for all scenarios.
All the investigated models except NB in junit datasethe first scenarioTable 6.12)
achieved better prediction accuracy than the baseline. Consequently, these models have higher
AUC values than those the baseline model (i.e., ZeroR).

B. First scenario: datasets withoutFS or sampling
Table6.12 provides the results of AUC valués prediction models in seven datasets in the
first scenarioThese results indicate that RF outperformed all other prediction models, as RF
provided highelAUC values in all datasets except antlr4, in which NB achieved a slightly
better prediction accuracy (only 0.03 higher). KNN achieved the best performance among
individual models and was the secdmebst prediction model. Fromable 6.12 the highest
value of AUC in the first scenario was 0.89, obtained by the RF in the mct dataset

Table 6.12. AUC values for performance evaluation of prediction models across seven datasets in the
first scenario.

Models Changeproneness dataset
antir4 junit MapDB mcMMO mct oryx titan
ZeroR 0.45 0.44 0.19 0.19 0.41 0.41 0.41
NB 0.73 0.43 0.38 0.29 0.88 0.58 0.74
SVM 0.51 0.5 0.5 0.49 0.5 0.5 0.5
KNN 0.57 0.6 0.69 0.65 0.69 0.65 0.7
RF 0.7 0.73 0.79 0.79 0.81 0.81
: represents the best resultalhdatasets
Light green: represents the best results for edataset

C. Second scenariodatasets with FS and without sampling
Table6.13 presents the AUC values for prediction models across seven datasets in the second

scenario. This scenario presents the prediction accuracy using ensemble FS mentioned in
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Section 6.4.5. Compang the performance of the second scenaridable 6.13 with that of

the first scenario (without FS and sampling techniqueshable 6.12, it is clear that FS
improved the prediction accuracy in NB and KNN models except for one case (KNN in
MapDB). In contrast, no impact was observed on SVM and RF compared to other prediction
models. Additionally, FS produced either the same or an inferiorrpeaface to RF compared

to the scenario without applying FS, except in antlr4 and junit. Although FS had no effect on
RF, there was a clear competition between RF and NB to obtain the best prediction model in
each dataset. Therefore, NB performed better thiaer individual models in terms of
prediction accuracy, and achieved the best AUC value (0.92) in the mct dataset, which is
considered outstanding according to the published cr[te3.

Table 6.13: AUC values for performance evaluation of prediction models acrosseven datasets in the
second scenario.

Models Changeproneness dataset
antlr4 junit MapDB mcMMO mct oryx titan
ZeroR 0.45 0.44 0.19 0.19 0.41 0.41 0.41
NB 0.77 0.77 0.65 0.7 [ 092 | 0.7 0.8
SVM 0.5 0.5 0.5 0.5 0.5 0.5 0.5
KNN 0.66 0.73 0.62 0.66 0.72 0.74 0.71
RF 0.81 0.75 0.7 0.7 0.89 0.8 0.8
PEIRIGEeen: represents the best resultsaihdatasets.
Light green: represents the best results for each dataset.

D. Third scenario: datasets withoutFS and with sampling
Table 6.14 shows the AUC values for prediction models across seven datasets in the third
scenario. This scenario provides the prediction accuracy using ensemble sampling techniques
mentioned in Section 6.4.6rom Table6.14, it is evident that the AUC values were extremely
high. This good performance was achieved because the datasets were modified with sampling
techniques proposed iBection 6.5.2 without applyingS. However, some features were
excluded after applying data analysisSection6.4.4 The most interesting finding from this
scenario was that applying ensemble sampling techniques on the datasets that exclude
improper features (i.e., features that hze values and correlated with each other) in Section
6.4.4 is enough to reach a high prediction accurdbe results of this scenario provide
valuable insights into the positive influence of sampling techniques to improve the prediction
accuracy of pradtion models. However, the most evident result is that sampling techniques
in the third scenario had a considerable impact on SVM, as séabie6.14 had a great
impact on SVMThe result of SVM in the first and second scenarios was 0.5, which indicates

no discrimination according to the published critgt@9]. Furthermore, RF achieved the best
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prediction accuracin all datasets except in mcMMO, and the optimal AUC value (0.99) was
obtained for the mct dataset. KNN was the sedwoest prediction model and outperformed

other individual models

Table 6.14: AUC values for performance evaluation of prediction models across seven datasets in the
third scenario.

Models Changeproneness dataset
antir4 junit MapDB mcMMO mct oryx titan
ZeroR 0.46 0.44 0.46 0.38 0.49 0.48 0.48
NB 0.73 0.80 073 [N 0.92 0.82 0.81
SVM 0.64 0.74 0.64 0.98 0.93 0.83 0.72
KNN 0.81 0.88 0.81 0.91 0.98 0.9 0.93
RF 0.89 0.92 0.89 098 [INoSIN 0.92 0.97
_: represents the best resultalhdatasets.
Light green: represents the best results for each dataset.

E. Fourth scenario: datasets with bothFS and sampling
Table6.15 provides the results of AUC values for prediction models across seven datasets in
the fourth scenario. This scenario lists the prediction accuracy using both the FS and sampling
techniques mdmned in Section 6.4.5, and the method used in this scenario is mentioned in
section 6.3.The main difference between the fourth and third scenarios is the use of different
metrics, but they used the same sampling metl@krall, the results of the fai scenario
indicate a good prediction accuracy in most casksvever, the results in this scenario are
worse tharmprevious scenariolhis suggests thapplying both ensemble FS and sampling
techniques decreased the prediction accuracy and using amiylireg techniques was
adequate to achieve high prediction accurdgain, RF outperformed the other prediction
models in all datasets (except NB in mcMMO dataset) with AUC values ranging from 0.85 to
0.98, which is recognised as a good result. As initseaind second scenarios, KNN also was

the secondbest prediction model and performed better than other individual models.

Table 6.15: Performance of AUC for prediction models across seven datasets in theufth scenario.

Models Changeproneness dataset
antlr4 junit MapDB mcMMO mct oryx titan
ZeroR 0.46 0.43 0.39 0.38 0.49 0.48 0.48
NB 0.51 0.79 084 NS 0.94 0.73 0.8
SVM 0.51 0.65 0.82 0.91 0.81 0.52 0.59
KNN 0.71 0.78 0.78 0.84 0.91 0.78 0.77
RF 0.85 0.85 0.95 0.96 0.98 0.85 0.9
: represents the best results in all datasets.
Light green: represents the best results for each dataset.

Figure 6.4 illustrates the AUC results obtained from each prediction model across
seven datasets in four scenarios, in which the higher AUC value indicates the better result. The

comparison of the modeisdicates that the results die third scenario provide valuable
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insights into the positive influence of ensemble sampling techniques to improve the prediction
accuracy of prediction model$he basic findings are consistent with research showing that
the sampling techniques improved the overall perform@d8e206] Regarding the overall

results of the datasets, mcMMO and mct datasets achieved the highest prediction accuracy in

both third and fourth scenarios.
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Figure 6.4: Ranking of the AUC valuesfor prediction models onthe scenarios
analysed

These findings are further supportedfigure C1, Figure C2, Figure C3 andFigure
C.4in Appendix C,which provide graphs for multiple ROC curves for prediction models in
the first, second, third and fourth scenarios, respectivdig highest curve, which is very
close to 1, refers to the best résife.g., RF in mct datasetkigure C3), whereas the lowest

curve, which is very close to 0, refers to the worst results (e.g., ZeroR datastt irFigure
C.l).

6.5.4 Statistical tests of the third empirical study

ANOVA was applied to address RQ6.4 by comparing all prediction models across four
scenarios using AUC. Factor A in ANOVA experiment is the prediction model (NB, SVM,
KNN and RF).Table6.16 shows onevay ANOVA results for predictiomodels using AUC.

The significance | evel -waussindhe fables wale evakiated; =
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therefore, K was rejected because alvplues in the tables were lower than 0.05. According
to the standard classifications of Cohen proposed in Section 3.5.5, the resultsopfaeéa

reveal that the effect size was laf@80].
Table 6.16: One-way ANOVA results for prediction models using AUC.

Sum of Degrees of

Source Mean Square F P-Value Eta-Squared
Squares Freedom
Factor A 0.78 3.00 0.26 13.95 0.00 0.28
Error 2.02 108.00 0.02
Total 2.80 111.00

Additionally, multiple comparisonswegge r f or med wusing Tukeyos
[170] (seeFigure6.5). In the chart, it is possible to identify which pairs of Factor A (prediction
models) significantly differ across scenarios. If a confidenceviateloes not include 0, then
the pair is significantly different. The results obtained fieigure6.5 indicateghat there were
significant difference between ensemble models (RF) and all individual models (NB, SVM
and KNN). Similarly, there were significant differences betweeii 338V and SVM KNN.

Tukey's Confidence Intervals

-0.4000-0.3000-0.2000-0.1000 0.0000 0.1000 0.2000 0.3000
Confidence Intervals

Figure 6.5: Multiple comparisons for prediction
models using AUC.

6.5.5 Impact of parameter tuning for random forests.

The results of the parameters tuning of the individual models in Chapter 4 indicated that the
default parameters outperformed the tuning parameters. Therefore, only the inipaéioy
parameter tuning in RF using the grid search method proposed in Section 3.3.3 was explored.
In Table6.17, the performance of AUC for RF witthefault parameters was compared with

that of Mtry parameter tuning. Boldface values in the table highlight the best results among
each dataset in each scenario, whereas -AU€fers to the AUC for parameter tuning and
AUC-D refers to the AUC for default pmeters. The comparison of the results indicated that
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AUC-T outperformed AUED across all datasets in all scenarios, except mct dataset in the
third scenario, which achieved the same result of AJ®.99). AUGT reached the optimal

result (1.00) in the ®MMO dataset in the third scenario, and the average of-AUCall
datasets in this scenario provided the highest prediction accuracy. Additionally, the grid search
method provided different Mtry values for different datasets, which indicates that thisdne

is an alternative to save time and effort instead of trying different parameters manually. The
percentage of change between the average-Ad@d AUCGD across all datasets was 10.13%,
8.97%, 3.19% and 2.20% in the first, second, third and fourth sosneespectively. This
indicates that tuning Mtry parameter in RF had a positive influence in each scenario. However,
this influence was higher in the original datasets (e.g., without FS or sampling in the first
scenario) and were lower in the editedagats (e.g., with FS and sampling in the fourth
scenario). Additionally, there is a good agreement between the findings in this section and
those in the previous section, in which the third scenario achieved considerable performance.
This scenario used m&ts proposed ifTable C2, Table C3, Table C4, Table C5, Table C6,

Table C7 andTable C8in Appendix Cwithout applying FS. The present findings seem to be
consistent with prior research that used the same datasets to predict refactoring and found that

using sampled instead of ungaled datasets improves the prediction accufagy2@].

Table 6.17: AUC values for performance evaluation of RF with default and Mtry parameter tuning.

Scenario First Second Third Fourth
Mtry | AUC-T | AUC-D | Mtry AUC-T AUC-D | Mtry | AUC-T AUC-D | Mtry | AUC-T | AUC-D
antir4 3 0.81 0.7 2 0.84 0.81 6 0.94 0.89 1 0.87 0.85
junit 15 0.84 0.73 3 0.81 0.75 5 0.95 0.92 5 0.89 0.85
MapDB 2 0.90 0.79 10 0.72 0.7 8 0.96 0.89 2 0.98 0.95
mcMMO | 11 0.89 0.79 2 0.89 0.7 6 1.00 0.98 5 0.98 0.96
mct 2 0.96 0.89 4 0.96 0.89 1 0.99 0.99 14 0.99 0.98
oryx 8 0.82 0.81 1 0.85 0.8 6 0.94 0.92 14 0.90 0.85
titan 8 0.90 0.81 6 0.85 0.8 15 0.99 0.97 2 0.93 0.9
Average | NA 0.87 0.79 NA 0.85 0.78 NA 0.97 0.94 NA 0.93 0.91
% of NA 10.13% NA 8.97% NA 3.19% NA 2.20%
change

6.5.6 Discussion and answer s to research questions for the third empirical
study

This sectionprovidesthe discussionof theresults presenteabove andanswes the RQsfor

the third empirical study

RQ6.1) What is the impact of ensemble F$echniqueson the performance of prediction

models?
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Ensemble FS techniques in the second scenario improved the prediction actiNBcgnd
KNN models Analysing the likely reasons behindigtinding, firstly, NB is callednaive
because it createsonditionalassumptionwhich are independenfrom the featureg238].
Secondusing the Euclidean measure, KNN determines the closest neighbours, which are also
independent from the featurgisl4]. Therefore, these models may have performed well with
FStechniques because they do not perform attribute seld226h

However ensemble FS technigshad no clear impact on the overall performaate
SVM and RF.This result may belescrited by the fact that SVM algorithincludesthe C
parametethat selectthe number of featuseandthekernel function creates a suitable feature
spacg125]. Regarding the RF result, this occurs because RF h#ipla decision trees that
apply the same concept of FS using adopn greedy search algorithm to choose the best
feature at each st¢p39]. Therefore, SVM and RF algorithms already perform the FS concept
during their creation.Additionally, RF includes manydecision trees, which perform
adequately with imbalanced dataset because theytaelndild several tests to recognise the
difference betweethe minority and majority class¢&40]. For this reason, RF achieved the
bestprediction accuracy in the second scenario.
RQ6.2) What is the impact of ensemble sampling techniques on the performance of
prediction models?
The machine learning models with ensemble sampling techniques achieved good performance.
Again, RF achieved theelt results of AUC values across all the datasets except mcMMO
These findings may help us to conclude that the performing ensemble sampling techniques
and removing inappropriate features in the data analysis step without applying ensemble FS is
sufficient to predict change proneness accuraldlis is consistent witivhat has been found
in a series of recent studigs3, 206]that used several types of sampling techniques: SMOTE
[53], UPSAMPLE, SMOTE and RUSBo00g206], and emphasises the effect of these
techniques tancreasehe performance of the prediction models

Interestingly, ensemble sampling teajues in this particular case increased the
prediction accuracy of SVM and RF. This supports the findings in the previous question
indicating that SVM and RF algorithms perform FS during their creation. Consequently, these

algorithms have a better resperie sampling techniques compared to FS techniques
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RQ6.3) What is the impact of applying both ensemble FS and samplingchniqueson

the performance of prediction models?

Applying both ensemble FS and sampling techniques improved the performance of the
prediction models, andF achieved the best performance across all datasets except mcMMO
These findings corroborate the ideas of Kumar and Sureka, who used the sante ttatase
predict refactoring and performed principal component analysis and SMOTE techniques to
extract the best features and resolve the imbalanced data p{éBlefheir results indicated

that the prediction accuracy with the SMOTE technique was bettethiaiawithout SMOTE,

and the prediction accuracy of all metrics was better than that with FS. A possible explanation
for these results may be the lack of adequate datasets, and the rank of the best ten features
selected is considered low (the average rapkihbest ten metrics ranges from 0.1 to 0.6),
whereas the difference before and after applying sampling techniques (sdedhable6.10
andTable6.11).

RQ6.4) How effective are individual models and how do ensemble models perform when
compared to the individual models in the context opredicting changeproneness?

KNN achieved the best prediction accuracy among most cases. RF outperformed other
individual models and achieved the best result in terms of average AUC val&&(seé.4)

across all scenarios. The results of the ANOVA test reveal that there were significant
differences between RF and all individual models {Sgare6.5). In addition, the results of

the effect size were large (s€able6.16). Therefore, pplying ensemble sampling techniques

on RF produced the highest accuracy to predict chprmgeness. This finding is in
accordance with previous studies, in which RF provided the best performance to predict
changepronenes§4 7], software faul{37] and CHANGE metri¢48].

RQ6.5) What is the impact of theMtry parameter tuning in RF?

Mtry parameter tuning in RF using grid search method, along with RF, mlbenataeatd
packages improved prediction accuracy. This improvement increased in the original datasets
(e.g., without FS or sampling) and decreased in the edited datasets (e.g., with FS and sampling
in the fourth scenario). The findings of this RQ are consistentlhote of FernandeRelgado

et al. who stated that RF created ustaget package in R was the best model among 179
models applied on 121 original datagé®6]. Furthermore, the Mtry parameter differed from

various datasets, and this difference was behind the study showing that there are no suggestions
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to choose the specific numbof the Mtry parametdf38]. In addition, this supports the use

of automatic parameters tuning to simply and effectively improve perfornjadte 142]

Based on these findings, it is recommended to tune Mtry parameter automatically to save time
andefforts and improve the results. future work, a statistical testill be usedo investigate

the performance difference between RF without and with parameter tunning.

6.6. Threats to Validity

The threats to validity usually are present in argerimental software engineering study that
utilises opersource software projeck$86]. This section describes the threats to validity that
include four different types: external, conclusion, internal and constructed. Additionally, this
section provides exahatiors onhow they were solved

6.6.1 External validity

Publicly available datasets extracted from open source software systems were used to enable
reproducibility and comparison with other empirical studies that used the same datasets.
Therefore, there is nibireat in the datasets. However, these datasets were collected from Java
systems, which restricts the generalisation of the findings to all programming lan{gigges

C++ and C#).

6.6.2 Conclusion validity

Conclusion validity relates to thatatistical relationship between the results and the output of

the experiment, which impacts on the capability to reach the right conc[@8ith To avoid

the threat otonclusion validity, teriold crossvalidation was performed to reduce potentially
biased results by selecting tests from the entire dataset. This validation was repeated ten times
to generate statistically reliable results and avoid the conclusion fhresly, the conclusions

were based on parametric statistical tests (i.e., ANOVA teixh is suitablefor three or
moregroups (i.e., NB, KNN, SVM and RF). ANOVA requires some assumptions, such as
normal distribution for the datasets and independédnservations However, these
assumptions were met and one of the main advantages of the parataésiicaltestover

nonparametricstatisticaltestis to provide more reliable results with both nonnormally and
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continuous datasets. Hence, the threatdoclusion validity maybe exists due to using a
parametricstatisticatest.This test also includes ten runs, which may have affected the results.

6.6.3 Internal validity

To prevent the threat ahternal validity the effectiveness of ensemble FS and sampling
techniques employed to improve the accuracy of prediction models was explored.
Furthermore, four scenarios were constructed to evaluate the performance of these techniques.
Additionally, the four most frequély used models imable 6.1 that were appropriate for
classification problems were built. Weka, which is a wealbwn and common tool, was used

to sekct features and build prediction mod@20]. Therefore, there are no threats to internal

validity.

6.6.4 Construct validity

In this study, 125 metrics manually validated and extracted fromlelasiswere employetb
capture several features of the software profijt Some of these metrics were eliminated
before conducting empirical stuqgee Section 6.4.49nd some of them were removed by
applying ensemble Fi& Section6.4.5 However, several of these metrics were used for the
first time to predict changproneness. Therefore, they present a threat to construct vafidity
these metricsFurthermore, other validitgoncerns related tthe dependent variable (i.e.,
changeproneness), which is a Boolean variable that reflects changes of refactorings (i.e.,
changes of the structure of the internal source code without affecting the functionality of source
code[53]). As a result, the changesadein the systemsnay not berepregntativeof all
maintenance changes that could be mate. prediction of changproneness variable has
been investigated in several studies and it is considered as good infiéatd3, 47, 204,
241-247]. This study did not recognise the types of changes (i.e., adaptive, corrective,
preventive or perfecte). Therefore, this is also a threat to construct validitthe dependent
variable. However, chang@aonenesss usedas recommended bj203] because limited
studies considered the types of the change prongtids&egarding parameters tuning, only

the grid search was applied to tune the Mtry parameter in RF. However, the prediction accuracy
of RF may increase by tuning other parameters, such as the number of trees to graenahddit
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studies to more completely investigate the key tenets of other parameters in RF are required,
along with tuning of parameters on other models (i.e., SVM, KNN and NB)

6.7. Conclusion of the third empirical study

Ensemble FS and sampling techniques can improve the prediction accuracy of machine
learning models. However, the application of these techniques on software maintainability is
limited. In this chaptethree individual models (NB, SVM and KNN) and one eniske model
(RF) were applied on seven publicly available data3éis effectiveness of ensemble FS (i.e.,
Rel i ef and Pear s ornéndensemblesaniplang tecbniques (cee SMQOTE,i e n t
SpreadSubsample and randomize) on the performance dittpye changgroneness was
evaluated and compared.

This chapter presents several insights based on comprehensive experimentation and
analyses

1 The results obtained from thshapterprovide evidenceof the positive impact of
ensemble FS in improving the performance of the prediction models (KNN and NB)
that areFS method independertievertheless, ensemble FS techniques had no clear
effect on the overall performance of SVM and RF because these ni@lesFS
techniques as a part of the model 6s creat

1 A considerableémprovement inperformancewas achieved by applying ensemble
sampling methodsn all prediction models, and there was a clear improvement in SVM
and RF;

1 Across all scenarios, the ensembhodel (RF) achieved the best performance in
predicting chang@roneness compared to other models and there were significant
differences between RF and all individual models. In addition, the effect size was large.
A possible explanation of the good perfmnce of RF in both high dimensional and
imbalanced datasets is that RF perfof$sthrough the creation of several decision
trees

1 The experimental results in this empirical stydgsengéd that the performance of the
ensemble models for predictiehangeproneness was significantly improved and the

effect size was large in all prediction models. In contrast to earlier findings in the first
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and second empirical studiesherethere were naignificant differences between
individual and ensemble models except few cases in heterogeneous ensemble models
in the second empirical. A possible explanation is that this empirical study used larger
datasets than those used in the first and secondieahgtudies;

The Mtry parameter tuning in RF improved the performance compared to the use of
the RF default parameteilhe observed increase in the prediction accuracy of RF after
applying parameter tuning is because the grid search selects the besthtake Mtry
parameter (which determines the number of features randomly sampled at each split)
in each dataset that provides the highest prediction accurheyresults observed in

this study reflect those of a previous study that examined the effeatai package

and found that RF was the best prediction model among 179 models afaé&ed
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Chapter7. Concl usn@®@ontri buti ons

This chapter concludes this thesis and summarises the research results of the previous chapters.
This chapter provides the answers to the RQs proposed in Chapter 1, describes the key
contributions and recommendations for practitioners, and presents limitations and some

directions and opportunities for future work

7.1. Conclusion of the thesis

Chapter 2 systematically reviews 56 studies in 35 journals and 21 conference proceedings
related ¢ the prediction of maintainability of OO software systems using machine learning
techniques. The review uses the standard SLR method applied to the most common computer
science digital database libraries from January 1991 to July 2018. In the proeasswaing
these studies, the fundamental research gaps and directions of research were determined in the
methodology section to formalise three empirical studies in Chapters 4, 5, and 6. Thus, this
thesis compared and evaluated the effectiveness of honmgeiee., bagging, additive
regression an®F) and heterogeneous (i.stacking and APE¢nsemblenodels and sets of
individual models (i.e.RT, MLP, M5Rules, KNN, SVR, SVM and NBipr predicting
software maintainability of OO systenhese models weepplied in various public datasets
extracted from class level and collected after several years of OO system maintenance. To
validate the investigated models in thesaepirical studiesstatistical tests and effect size
measurements were performed. Iniidd, the impact of parameter tuning was explored using
caret package, AutdVEKA and grid search in Chapters 4, 5 and 6, respectively

The mainaim of all empirical studies conducte@ghsto improve theprediction accuracy
andachieve more consistent results in the prediction of software maintainabi@ systems
by applyingensemble modelsn different datase@nd using several base models the core
idea of the ensemble models is to improve the prediction accuracyndwedual modelsThe
creation of a highly accurate prediction of software maintainability was challenging because
the relationships between software quality attributes and their metrics are often complicated,
nonlinear and lead to a reduction in the aacy of prediction modelgL0]. In contrast, the
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key to predict software maintainability is the determination of software maintenance
measurements, which are notoriously difficult to capb@®aue of the problems in estimating
the effort associated with the maintenance task.
The overall empirical results in this thesis indicate that ensemble models produced better
prediction accuracy than most of the individual modetsvever, the results are fifent in
various datasets and the base mottelmost cases, KNN or SVR recorded the highest
prediction accuracy compared to other individual models; moreover, these models as base
models in bagging and additive regression achieved theptasiittion accuracy, along with
RF.
The followingarethe most important findings from each empirical study:
In the first empirical study:
1 There were no significant differendestween the ensemble and individual models and
the effect sizes were small
1 KNN as the individual model or as the base model in additive regression ensemble
model attained the begerformance across afivestigated modejs
1 The parameter tuning increast prediction accuracy of ensemble models and did
not increase the prediction accuracy of the individual models in most cases.
In the second empirical study:
1 No significant differences have been found between the ensemble and individual
models except f@ cases in théeterogeneous ensemble modweisl the effect sizes
were smatl
T SVR and KNN as an individual model , or s
additive regression achieved the best ac
foll oweed by AP
1 The selected models b&uto-WEKA tool performed better than the best model
prediction in study5.A except KNN and SVR in Eclipse JDT Core and Lucene,
respectively.
In the third empirical study:
1 RF performed significantly better than other individual elecas well as the effect
size was large

1 RF achieved the best prediction accuracy across all scenarios
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1 Tuning he Mtry parameter in RF outperformed using the default parameters of RF

7.2. Answer s to Research Questions

This section answers RQs predetermined in the first chapter using evidence collected from the
empirical studies.

RQ1) How effective are individual models at predicting software maintainability?

Answer: The performance of the individual models differed dach datasetn most cases,

KNN achieved the best prediction accuracy among individual mddé¢syed bySVR.Also,

SVR and M5Rulesn some caseachieved the best performance in addition to KNN, whereas
KNN and NB recorded the secobést prediction amracy insome casesTherefore, the
overall results of individual models indicate that KNN was better dtfaerindividual models

in most cases, followed by SVR.

RQ2) How do ensemble models perform in the context of predicting changeintenance
effortsusing wellestablished datasets when compared to the individual models?

Answer: Althoughensemble models improved the prediction accuaayr all individual
modelsexcept for a few casgthe differences were not statisticadhgnificant,and the effect

sizes were smalKNN as the individual model or as the base model in additive regression
attained the best prediction accuracy compared to all investigated mésgjarding
parameter tuning, these parameters increased the predtioaey of the ensemble models

and did not increase the prediction accuracy of the individual models in most cases. KNN as
the base model in additive regression in the parameter tuning provided the best prediction
accuracy.

RQ3) How do ensemble models pasfm in the context of predicting change maintenance
effortsusing more recent and larger datasets when compared to the individual models?
Answer: Therewere no significant differences between individaad ensemble models
except for a few cases in the heterogeneous ensemble naotkthe effect sizavere small.

The homogeneousnsemble modelgncreased the prediction accuracy over most of the
individual modelsin whichSVR as an individual model or a base model in baggr additive
regression outperformed all other prediction modd®vever, theneterogeneousnsemble
models had a considerable impact on RT and a minor or no impact on KNN and SVR

Regarding parameter tuning, all the selected models using theVWAtikA tool performed
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better than the best model prediction in the empirical study except KNN and SVR in Eclipse
JDT Core and Lucene, respectively.

RQ4) How do ensemble models perform in the context of predicting changgoneness
usingthe newest and largest datsets when compared to the individual models?

Answer: The results indicate th&F outperformed other individual models and obtained the
highest value of the average of AUIG.addition, there were significant differences between
individual andensemble models, and the effect size was large. With respect to parameter
tuning, the Mtry parameter tuning in RF increased the performance when using the default

parameters of RF.

7.3. Contribution

This thesis provides knowledge and empirical evidence in thatimachine learning and
software maintainability fields. The fundamental contributions are as follows:
1 Based on the findings obtained from tBER, there is relatively little activity in the
area of software maintainability prediction compared with ofwtware quality
attributes. The CHANGE metric was the most commonly used software measurement
(dependent variable) employed in the selected primary studies, and most of them used
classlevel product metrics as the independent variables. Several privasedavere
used in the selected studies, and there is a considerable need to publicly publish
datasets. Most studies focused on regression problems and perfefoiddcioss
validation. Although ensemble models used in selected primary studies impneved t
prediction accuracy over individual prediction models, their application is relatively
rare compared with the individual prediction models applied in the majority of studies;
1 Among several types of software maintenance measurements, the CHANGE metric,
MI and change proneness are considered indirect measures and can be used as
dependent variables to capture the element of maintainability. This thesis used the most
common measurement performed in the selected primary studies (i.e., CHANGE
metric), along wth the rarest measurement (i.e., change proneness);
1 Class level product metrics (i.e., L&H, C&K and other OO sowade metrics) used

in this thesis as independent variables emerged as reliable and powerful predictors for
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software maintainability (depenalevariable). Additionally, these metrics afieectly
calculated on different parts of the software systems and can be used as early predictors
to reduce cost, utilise resources and control future maintenance efforts;

Although there are few public datasdbr software maintainability, preprocessing
techniques were applied to public software quality datasets (i.e., bug prediction
datasetg57] and refactoring datasg8]) to produce new versions of these datasets
appropriate for software maintainability prediction;

The findings of ensemble modelsgeneral, show that the proposed ensemble models
yield improved prediction accuracy over most of the individual models; moreover, the
improvement was significant and the effect size was large only in Chapter 6, in which
a larger number and size of the dats was used;

The proposed ensemble models in Chapters 4 and 5 were also found to be useful in
predicting software maintainability. Also, there were no significant differences
between the individual and ensemble models, and the effect sizes were seqatll exc
for a few cases in Chapter 5;

Although the results of the investigation @isemble models in the three empirical
studies show that these models are effective in predicting software maintainability and
increasing the prediction accuracy over most efittdividual models, in some cases,
neither homogeneous nor heterogeneous ensemble models improved the prediction
accuracy over SVR and KNN;

The prediction accuracy of homogeneous ensemble models outperformed the
heterogeneous ensemble models in some etateand the opposite occurred in other
datasets. Moreover, additive regression exhibited better prediction accuracy compared
to the bagging ensemble model in Chapter 4 and the opposite occurred in Chapter 5.
KNN and SVR as an individual model or a basedeioin bagging or additive
regression achieved the best prediction accuracy in Chapters 4 and 5, respectively,
whereas RF achieved the best prediction accuracy in Chapter 6. Therefore, the
prediction accuracy of ensemble models is different in variousetatand varies with

the base model;

KNN as a base model in additive regression in Chapters 4 and 5 produced the same

result as the individual KNN models. Furthermore, KNN produced the highest
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7.4.

prediction accuracy compared to individual models in this shesmost cases, and
other prediction models that were implemented by selected previous studies for the
QUES dataset in Chapter 4. In addition, for the QUES datiéetmodel is the only
model that nearly fulfils the criteria of accurate prediction psegoin Chapter 3.
Additionally, KNN as the base model in the additive regression with tuning parameters
achieved the best prediction accuracy and reached the optimal(63sultterms of
MMRE and MAE values;

In Chapter 4, the parameter tuning usingddret package in most cases had a positive
impact on the ensemble models and a negative impact on the individual models. In
addition, the performance of the ensemble models with respect to the parameter tuning
outperformed that of thedividual modelsin Chapter 5, thenodels selected by the
Auto-WEKA tool performed better than the best model prediction in the second
empirical study except for KNN and SVR in the Eclipse JDT Core and Lucene datasets,
respectively. In Chapter the Mtry parameter tuning RF using grid seardmproved

the prediction accuracy in all scenarios. However, the positive impact of this tuning
was higher in the original datasets (e.g., without FS or sampling in the first scenario)
and lower in the edited datasets (e.g., wittaR& sampling in the fourth scenario);

The results of the method used in Chapter 6 reveal that the ensemble FS and sampling
techniques yield improved prediction accuracy over most of the investigated models.
To the best of the author's knowledge, timplementationof these techniques has

never been documented before in the area of software maintainability.

Recommendations for Practitioners

This section presents different critical results and provides various recommendations on the

adequate use of the ensemble models to predict software maintairebftitiows:

Size of the datasetsThe first empirical study in Chapter 4 usedatively limited datasets

whereas the second empirical study in Chapter 5 used more recent andidéagets. The

results ofthe statistical testdn these studies showed no significant differences between

individual and ensemble models, and the effect size wall sxtept for a few cases in the

heterogeneous ensemble models in the second empirical study. In contrast, the third empirical

study in Chapter 6 employed the largest datasets compared with the datasets used in the
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previous empirical studies, and the desundicate that there were significant differences
between individual and ensemble models, and the effect size was large. Therefore, the size of
the datasets should be large enotgbreate adequate ensemble madels

Base model:Most ensemble models investigated did not improve strong models (e.g., KNN
and SVR).Hence, the ensemble models are more useful in improving the performance of
weaker base models.

Parameter tuning: The parameter tuning of the ensemble models usingaitgepackage in
Chapter 4, along with grid search in Chapter 6, improved the prediction accuracy of the
ensemble models and achieved better performance than the individual models. Consequently,
parameter tuning must be performed on the ensemble models tovenihre prediction
accuracy.

One of the primary concerns of software practitioners is to improve software
maintainability [248]. Predictng software maintainability accurately is a fundamental
requirement for practitioners to save time, cost and effort of the maintenance of software.
Therefore, the previous findings have produced several important recommendations for
praditioners as follow:

1. The selection of the prediction model plays an important role to produce high
prediction accuracy of software maintainability.is recommended to select strong
individual models (e.g., KNN or SVM) for regression problem and RF for
classification problem.

2. Data preprocessing techniques are essential in improving prediction accuracy.
However,the choice of these techniques depends on the nature of the d&tlasdts.
this fact, | recommend that datasets be investigedeefully and then suitable pre
processing techniques selected depending on the nature and characteristics of the
dataset, such as resampling for imbalanced datasets or FS for high dimensionality
datasets

3. Consideration of parametéuning is recommendea tincrease the performance of

machine learning models.
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7.5. Limitations and Possible Future Work

Several future work directions can be implemented to overcome the limitations in this thesis,
as follows

More software maintainability measurements: A fundamentalingredient of software
maintainability predictionis the identification of the dependent variable to be predic¢ted.
limitation of this thesis is that it onlgredicedthe CHANGE metricand change proneness
Although the prediction of the number of changes in a certain ¢2BBANGE metriQ is

harder than predicting whether or mathange has been made in the c{akange pronenegss

it provides morgrecisenformation[249]. Tostrikea balance betweerase of prediction and
more precise informatignpossible future researchould be to predict a ranking or
categorisation ofoftware maintainabilitychange pronenesmto small, medium, and high
Exhaustive exploration of the parameter spaceA limitation of this thesiss that it only
evaluatedh limited proportion ofhe parameter spadeesearcrscanaddress this limitation

by doinga systematiextensive exploratioof parameter tuningrhis explorationwill helpto

figure outto what extentthe parameter space affsdhe predicton accuracy of machine
learning models in software maintainability prediction. Alsowill help to identify which
machine learning models are more sensitive to parameter tuning.

Additional datasets: The most important limitation of this thesistigat it used a limited set

of public datasetsThis limitation can beaddressedy creatingand publising additional
datasetghatcan be used bgesearcherd-or example, datasets can be extracted from-open
source software systems using various tools siscAnalyst4j, CCCC and C&K Java Metrics

as proposed if250]. Moreover, other datasets can ¢reatedfrom reatworld sysems in
industry.

Different OO programming languages:Anotherlimitation related to the datasatsthatthe
datasetsised in this thesiwereextracted from systems written in Aae., QUES and UIMS
dataset§9]), or Java(i.e.,bug prediction datasefs7] and refactoring datas8]). Therefore,
further research needs to be done using datasets extracted from different OO programming
languages, such as C++, JavaScript, C#, PHP and Python (even though some of these are not
Apur eo OO0 | a nvil uemable she .expldrani of additional features and

characteristics of software systems.
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Additional ensemble modelsA weaknes®f this thesigs that it onlyevaluate and compare
the application othree homogenougi.e., bagging, additiveregression and RFandtwo
heterogeneous ensemble modeks., stacking and APE Additional research is required to
investigate othehomogeneous and heterogeneous ensembliels(e.g., boosting voting
and Inear ensemb)ewith additionalbase modelge.g.,radial basisfunctionnetwork linear
regressiorand bgisticregressioh

Improved prediction accuracy: A major limitation of this thesis is that onlg few modek
meet thepredictionaccuracy criterigoroposed in SectioB.5.4.More work needs to be done
to improve prediction accuracysing resampling or FS techniquasd also looking at the
application of other homogenous or heterogeneassmblanodels are mentioned above.
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AppenAi X

This Appendix present§able Al, Table A2 andFigure A1, which belongo Chapter 2.

Table A.1: Selected primary studies.

Place

Study ID | Ref Topic Author Year published Publication name Type
s1 [251] Cyclomatic C_ompIeX|ty Den5|ty_a_nd Gill and Kemerer 1091 IEEE IEEI_E Tra_nsactlons on Software Journal
Software Maintenance Productivity Engineering
S2 9] Obj_ect‘Orle_n‘ted Metrics that Predict Li and Henry 1993 Elsevier Journal of Systems and Software Journal
Maintainability
Measuring and Assessing Maintainability a . .
S3 [94] the End of High_evel Design Briandet al. 1993 IEEE Conference on Software Maintenand Conference
S4 [26] | A Metrics Suite for Object Oriented Design Chidamber and 1994 IEEE IEEETransactlons on Software Journal
Kemerer Engineering
Construction and Testing of Polynomials Oman and .
S5 [90] Predicting Software Maintainability Hagemeister 1994 Elsevier Journal ofSystems and Software Journal
S6 [62] | USing Metrics to Evaluate Software System o an et al. 1994 ACMDL | Computer Journal
Maintainability
Evaluating Inheritance Depth on the Springer - . .
S7 [252] Maintainability of ObjectOriented Software Daly et al. 1996 link Empirical Software Engineering Journal
Development and Application of an Wiley . .
S8 [63] | Automated Source Code Maintainability Welker et al. 1997 online Journal of Softwa_re Maintenance: Rq Journal
: search and Practice
Index library
s9 [253] A Method for Estimating Maintenance Cost| GranjaAlvarez and 1997 \c/)\rl:lli?(/e Journal of Software Maintenance: Journal
in a Software Project: A Case Study Barranco library Research and Practice
S10 [254] Reysabm@y and Maitainability Metrics for Lee and Chang 2000 ACM DL 38th Annual on Southeast Regional Conference
ObjectOriented Software Conference
. . . . . 13th International Conference on
S11 [97] Using Metrics to Predict _Objg@rl_qnted Genero et al. 2001 ACM DL Advanced Information Systems Conference
Information Systems Maintainability Enai :
ngineering
Estimation and Prediction Metrics for IEEE Transactions on Software
S12 [19] | Adaptive Maintenance Effort of Object Fioravanti and Nesi| 2001 IEEE - . Journal
] Engineering
Oriented Systems
Using Code Metrics to Predict Maintenance Proceedings IEEE International
S13 [95] of Legacy Program#A Case Study Polo etal. 2001 IEEE Conference on Software Maintenang Conference
. N Wiley . .
s14 [255] Metrics for Mglntalngblllty of Class Sheldon et al. 2002 online Journal of Software Maintenance:-R¢ Journal
Inheritance Hierarchies library search anéPractice
An Integrated Measure of Software Annual Reliability and
S15 [91] Maintainability Aggarwal et al. 2002 IEEE Maintainability Symposium. Conference
S16 [60] Prgdwtmg Ma!ntamabmty _\A_nth Objeet _ Dagpinar and 2003 |EEE lOth_ Wor_klng Conference on Reverg Conference
Oriented Metrics An Empirical Comparison| Jahnke Engineering.
Predicting Maintenance Performance Using . IEEE Transactions on Software
S17 (22] ObjectOriented Design Complexity Metrics Bandi et al. 2003 IEEE Engineering Journal
Assessing Effort Estimation Models for
S18 [20] | Corrective Maintenance Through Empirical| De Luciaa et al. 2004 Elsevier Information and Software Technolog| Journal
Studies
) . Eighth European Conference on
S19 [256] A Metrics Based Software Maintenance Hayes et al. 2004 IEEE Software Maintenance and Conference
Effort Model . -
Reengineering
Application of Neural Networks for Softwarg
S20 [10] | Quality Prediction using Obje€@riented Thwin and Quah 2005 Elsevier Journal of Systems and Software Journal
Metrics
Modeling Design/Coding Factors That Drivg | ,. Springer .
S21 [21] Maintainability of Software Systems Misra 2005 link Software Quality Journal Journal
S22 [257] An Empirical Investigation of the Impact of Lim et al. 2005 Elsevier Journal of Systems and Software Journal

the ObjectOriented Paradigm on the
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Maintainability of ReaMWorld Mission
critical software

The Promise of Public Software Engineerin

S23 [109] " Cukic 2005 IEEE IEEE Software Journal
Data Repositories
s24 [258] Mamta!nabnty Prediction: A Regression Hayes and Zhao 2005 IEEE IEEE Internaplonal Conference on Conference
Analysis of Measures of Evolving Systems Software Maintenance
An Application of Bayesian Network for
S25 [11] | Predicting ObjecOriented Software Koten and Gray 2006 Elsevier Information and Software Technolog| Journal
Maintainability
Predicting ObjecOriented Software .
A . S . Yuming Zhou and :
S26 [12] | Maintainability Using Multivariate Adaptive 2007 Elsevier Journal of Systems and Software Journal
. : Hareton Leung
Regression Splines
S27 [250] | Comparing Software Metrics Tools Lincke et al. 2008 ACM DL Inter_natlonal Symposium on Softwar Conference
Testing and Analysis
A Comparative Study of M| Tools: Defining IEEE International Multitopic
S28 [96] the Roadmap to MI Tools Standardization Sarwar et al. 2008 IEEE Conference Conference
$29 [32] Predicting the Malntglnabmty of Ope_n Yuming and 2008 Spnnger WL_Jhan University Journal of Natural Journal
Source Software Using Design Metrics Baowen link Sciences
Application of TreeNet in Predicting Object Software Maintenance and
S30 [13] | Oriented Software Maintainability: A Elish and Elish 2009 IEEE Reengineerin Conference
Comparative Study 9 9
An Empirical Analysis of the Impact of
S31 [33] | Software Development Problem Factors on Chen and Huang 2009 Elsevier Journal of Systems and Software Journal
Software Maintainability
Gﬁgt‘;ﬁggﬁﬂizﬂmg ;éicé?éé\iﬂgitgéne and Second International Conference on
S32 [73] Maintainability Using ObjecOriented Jin and Liu 2010 IEEE MultiMedia and Inbrmation Conference
; Technology
Metrics
Determination of Maintainability Index for . ACM SIGSOFT Software
S33 [259] ObjectOriented Systems Kaur and Singh 2011 ACM DL Engineering Notes Journal
A Controlled Experiment in Assessing and . .
S34 [98] Estimating Software Maintenance Tasks Nguyen et al. 2011 Elsevier Information and Software Technolog|  Journal
Assessind’rogramming Language Impact o !
. : Bhattacharya and 33rd International Conference on
S35 [260] gea\l/r(‘ecljog:nfnt and Maintenance: A Study or] Neamtiu 2011 ACM DL Software Engineering Conference
Maintainability Prediction of ObjedDriented
S36 [14] | Software System by Multilayer Perceptron | Dubey et al. 2012 ACM DL QCM SIQSOETtSoﬂware Journal
model ngineering Notes
Predicting Software Maintenance Effort 27th Annual ACM Symposium on
S37 [121] through EvolutionanBased Decision Trees Basgalupp et al. 2012 ACM DL Applied Computing Conference
Machine Learning Approaches for Hieting Ahmed and Al
S38 [7] Software Maintainability: A FuzzBased S 2013 IEEE IET Software Journal
Jamimi
Transparent Model
ObjectOriented Class Maintainability . .
S39 [162] Prediction Using Internal Quality Attributes Al Dallal 2013 Elsevier Information and Software Technolog| Journal
A New Software Maintainability Evaluation International Conference dpuality,
S40 [74] | Model Based on Multiple Classifiers Ye etal. 2013 IEEE Reliability, Risk, Maintenance, and | Conference
Combination Safety Engineering
Tool for Generating Code Metrics for C#
S41 [261] | Source Code using Abstract Syntax Tree | Singh et al. 2013 ACM DL ACM SIGSOFT s Journal
- Engineeing Notes
Technique
Application of Group Method of Data Sorinaer International Journal of System
S42 [15] | Handling Model for Software Maintainability Malhotra and Chug | 2014 Iir?k 9 Assurance Engineering and Journal
Prediction Using ObjeeDriented Systms Management
Software Maintainability Prediction by Data| International Conference on Data
S43 [48] Mining of Software Code Metrics Kauretal. 2014 IEEE Mining andIntelligent Computing Conference
A Metric Suite for Predicting Software Springer Transactions on Engineerin
S44 [262] | Maintainability in Data Intensi Malhotra and Chug | 2014 >pring . 9 9 Conference
S link Technologies
Applications
S45 [263] SM'PLgam('e.r: Learning to Predict Software Zhang et al. 2014 Sprmger Automated Software Engineering Journal
Maintainability link
Validating the Effectiveness of Object
S46 [175] | Oriented Metrics for Predicting Kumara et al. 2015 Elsevier Procedia Computer Science Conference
Maintainability
Three Empirical Studies dPredicting Soringer
S47 [16] | Software Maintainability Using Ensemble | Elish et al. 2015 Iir?k 9 Soft Computing Journal
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A Proposed New Model for Maintainability

International Cordrence on

S48 [264] Index of Open Source Software Kaur et al. 2015 IEEE geli_ab_ility_, Infocom Technologies an{ Conference
ptimization

Hybrid Functional LinkArtificial Neural

S49 [17] | Network Approach for Predicting Kumar and Rath 2016 Elsevier Journal of Systems and Software Journal
Maintainability of ObjectOriented Software
An Empirical Investigation of Evolutionary IEEE Students Conference on

S50 [265] | Algorithm for Software Maintainability Jain et al. 2016 IEEE Electrical, Electronics and Computer| Conference
Prediction Science

S51 [266] g:\::nk%;ld;\r/li\(i::\; ?nuaw%me-trré?tatg"l;{,edm Almugrin et al. 2016 Elsevier Journal of Systems and Software Journal
Software Maintainability Prediction Using Springer International Journal of System

S52 [18] | Hybrid Neural Netwdk and Fuzzy Logic Kumar and Rath 2017 link Assurance Engineering and Journal
Approach with Parallel Computing Concept] Management
Boosting Automatic Commit Classification 13th International Conference on

S53 [267] | into Maintenance Activities by Utilizing Levin and Yehudai | 2017 ACM DL Predictive Models and Data Analytic| Conference
Source Code Changes in SoftwareEngineering
Performance of Maintainability Index Springer

S54 [83] | Prediction Models: A Feature Selection Reddy and Ojha 2017 link Evolving Systems Journal
Based Study
Empirical Evaluation of Software

S55 [58] | Maintainability Based on a Manually Péter Hegedus et a| 2018 Elsevier Information and Software Technolog Journal
Validated Refactoring Dataset
Particle Swem OptimizationBased Malhotraa and

S56 [23] | Ensemble Learning for Software Change 2018 Elsevier Information and Software Technolog Journal

Prediction
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Rating

Fair
Excellent

Fair
Fair

Good

Good

Good

Good

Fair
Fair

Good

Good

Good

Fair
Fair

Good

Good

Good

Good

Good

Good

Fair

Fair

Fair
Excellent

Excellent

Good

Fair

Good
Excellent

Good

Good

Good
Excellent

Good

Good

Good

Good
Excellent

Good

Fair

Good

Good
Excellent

Excellent

Good

Good

Good
Excellent

Good

Good
Excellent

Good
Excellent

Good
Excellent

Total
score

13.5

10
10
115

105

125

12.5

13

7.5
115

12
12.5

10
12.5

13

7.5
13.5

14.5

10.5

8.5

12
14
12
11
11
14
10
13
12
12.5

13.5

10.5

12
11.5

145

145

12.5

15
12.5

15
11
10.5

14
12
13.5

12.5

13.5

QA
15

QA
14

QA
13

12

QA

QA
11

QA
10

QA
9

Table A.2: Quality assessment result.

Study ID

n

S2

S3

S4

S5

S6

S7

S8

S9

S10
S11
S12
S13
S14
S15
S16
S17
S18
S19
S20
S21
S22
S23
S24
S25
S26
S27
S28
S29
S30
S31
S32
S33
S34
S35
S36
S37
S38
S39
S40
S41
S42
S43
S44
S45
S46
S47
S48
S49
S50
S51
S52
S53
S54
S55
S56
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Figure A.1: The mind map of software maintainability prediction.
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Appendi X

B

This Appendix povidesTable B1, whichrefersto Chapteb.
Table B.1: Descriptive static of software maintainability prediction datasets.

- < | s
£ 3 = o < z s o g < = 13 @)
8 | & = 13| ¢ S | 8|9 |3 |3|5|5|8& |5 |8z
g |8 E g8 2|2 |e| S |e|8|g/s|g|¢g|&]|E
5
s
Eclipse JDT Core
Min 0 1 0 0 0 0 0 0 0 0 o o] o 0 0 0 0
Max 114 | 8 102 61 | 7381 | 26 313 | 388 | 2475 | 122 | 255 | 35 | 38 | 312 | 74 | 1026 | 489
Median | 5 2 1 3 21 0 3 12 56 7 31 | o o 0 4 21 15
Mean | 742 | 259 | 286 | 48 | 567 | 0489 | 493 | 744 | 892 | 831 4‘;'3 %)'g 0;6 165 | 533 | 344 | 236
Stdev | 835 | 158 | 584 | 543 | 257 | 1880 | 1888 | 21| 130 | 7.6 | 426 | 24| 1801 1201 45| 508 | 308
7 3 2 |98 7 4
Eclipse PDE Ul
Min 0 1 0 0 0 0 0 0 0 0 o o] o 0 0 0 0
Max 153 | 9 146 30 | 630 | 46 | 2169 | 158 | 724 | 36 | 523 | 15| 21 | 2168| 23 | 352 | 172
Median | 5 2 1 3 15 0 1 0 41 6 8 1 0 0 3 20 10
Mean | 742 2'212 255 | 497 | 337 | 0556 | 49 | 312 | 6247 | 7.03 | 246 16'88 1'311 23 | 451 23'9 130
Stdev | g26 | ** | 668 | 483|546 | 2471 | 634 | 14 | 6174 | 501 | 546 | o5 | 2ot | 63 | 365 | 290 | 137
Equinox Framework
Min 0 1 0 0 0 0 0 0 0 0 o o] o 0 0 0 0
Max 29 | 3 27 24 | 703 | 6 138 | 74 | 456 | 38 | 111 | 14 | 14 | 137 | 38 | 196 | 126
Median | 5 1 1 3 6 0 2 0 30 4 9 1 o 0 3 16 9
Mean | g53 1'52 21 | 465 | 364 | 0163 | 461 | 1.36 | 616 | 634 1‘;'0 2; 074 | 146 | 438 | 27.9 | 16.6
Stdev | 6.49 0'746 33 | 522 | 724 | 0702 | 1149 | 605 | 787 | 624 12'9 32'1 1.84 12'2 458 | 35 | 207
Lucene
Min 0 1 0 0 0 0 0 0 0 0 o o] o 0 0 0 0
Max 179 | 5 174 16 | 1225 | 42 56 | 56 | 686 | 50 | 80 | 11| 11 | 27 | 39 | 124 | 61
Median | 5 2 1 3 6 0 2 0 31.5 4 16 | 0 0 0 3 13 7
Moan 1.82 201 | 1.4 | 031 | 076 192 | 103
73 | 1 382 | 352 | 179 | 067 3 | 100| as8 | 505|201 |14 08 70 a5 | 1D 0
Stdev | 137 | 9891 432 | 321|573| 3 402 | 415 | 532 | 394 | 34|20 g1 | 225 | 34g | 182 100
3 6 | 99 1 6 1
Mylyn
Min 0 1 0 0 0 0 0 0 0 0 o o] o 0 0 0 0
Max 229 | 5 223 58 | 2485 | 49 128 | 18 | 1144 | 71 | 226 | 68| 23 | 127 | 52 | 470 | 199
Median | 4 1 1 2 6 0 2 0 31 4 9 1 0 0 3 13 7
Viean 1.44 055 132 | 1.9 ] 049 417 | 198
552 | ' 219 | 34 | 209 | 0319 | 353 | O2°| 61 | 521 | 132|191 0491 g9y | 4] 28| 10
Stdev 072 1.83 159 | 28| 1.21 382 | 240 | 11.2
968 | 8.61 4 | 882 | 1708 | 849 | M 60 | 4as | 19281 L2L] 75 ) 3 ; .
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Appendi x C

Appendix C presentthe abbreviation of metrics used in chapter 6. AdppendixC shows
Table C2, Table C3, Table C4, Table C5, Table C6, Table C7 andTable C8, whichare
degriptive staticof the datasets used in ChapseFurther,this Appendixprovidesmultiple
ROC curves for dataseapplied inChapter 6.

Table C. 1: The abbreviation of metrics.

Metrics name Abbreviation Metrics name Abbreviation
Lack of Cohesion in Methods 5 LCOMS Number of LocalAttributes NLA
Nesting Level NL Number of Local Getters NLG
Nesting Level Elséf NLE Number of Local Methods NLM
Weighted Methods per Class wWMC Number of Local Public Attributes NLPA
Coupling Between Object classes CBO Number of Local Publidlethods NLPM
Coupling Between Object classes Inverse | CBOI Number of Local Setters NLS
Number of Incoming Invocations NIl Number of Methods NM
Number of Outgoing Invocations NOI Number of Public Attributes NPA
Response set For Class RFC Number ofPublic Methods NPM
API Documentation AD Number of Setters NS
Comment Density CD Number of Statements NOS
Comment Lines of Code CLOC Total Lines of Code TLOC
Documentation Lines of Code DLOC Total Logical Lines of Code TLLOC
Public Documented API PDA Total Number of Attributes TNA
Public Undocumented API PUA Total Number of Getters TNG
Total Comment Density TCD Total Number of Local Attributes TNLA
Total Comment Lines of Code TCLOC Total Number of Local Getters TNLG
Depth oflnheritance Tree DIT Total Number of Local Methods TNLM
Number of Ancestors NOA Total Number of Local Public Attributes TNLPA
Number of Children NOC Total Number of Local Public Methods TNLPM
Number of Descendants NOD Total Number of LocaSetters TNLS
Number of Parents NOP Total Number of Methods TNM
Lines of Code LOC Total Number of Public Attributes TNPA
Logical Lines of Code LLOC Total Number of Public Methods TNPM
Number of Attributes NA Total Number of Setters TNS
Number ofGetters NG Total Number of Statements TNOS
Clone Classes CCL Clone Line Coverage CLC
Clone Complexity CCO Clone Logical Line Coverage CLLC
Clone Coverage CcC Lines of Duplicated Code LDC
Clone Instances Cl Logical Lines of Duplicated Code LLDC
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Table C.2; Descriptive static ofantl4 dataset.

Metrics Minimum Maximum | Mean Stdev Median
0.00 1.00 0.05 0.16 0.00
CC
LCOMS5 0.00 78.00 1.57 4.86 1.00
NL 0.00 10.00 1.07 1.60 0.00
WMC 0.00 216.00 14.74 26.47 5.00
CBOI 0.00 79.00 4.61 9.07 1.00
NOI 0.00 78.00 4.78 8.68 1.00
AD 0.00 1.00 0.21 0.25 0.12
cD 0.00 0.75 0.13 0.15 0.09
cLoc 0.00 575.00 16.74 50.23 2.00
PDA 0.00 25.00 1.43 2.71 1.00
PUA 0.00 91.00 5.91 8.25 3.00
DIT 0.00 6.00 1.35 1.38 1.00
NOC 0.00 33.00 0.57 2.18 0.00
NOD 0.00 104.00 1.10 6.32 0.00
NOP 0.00 3.00 0.69 0.55 1.00
NA 0.00 67.00 7.09 7.14 5.00
NG 0.00 28.00 3.44 4.92 2.00
NLA 0.00 59.00 2.45 4.88 1.00
NLG 0.00 28.00 1.22 3.01 0.00
NLPA 0.00 34.00 1.50 3.45 0.00
NM 0.00 139.00 17.36 19.43 9.50
NPA 0.00 37.00 5.31 6.14 4.00
NS 0.00 11.00 0.77 1.78 0.00
TNA 0.00 152.00 7.77 9.94 6.00
TNLG 0.00 28.00 1.33 3.28 0.00
TNLS 0.00 11.00 0.26 1.02 0.00
TNPA 0.00 53.00 5.61 6.67 4.00
WarningCritical 0.00 11.00 0.23 0.95 0.00
. 0.00 371.00 28.52 47.24 12.00
WarningInfo
. . 0.00 246.00 3.11 14.58 0.00
WarningMajor
. . 0.00 212.00 12.00 25.35 2.00
WarningMinor
. 0.00 2.00 0.04 0.23 0.00
Basic Rules
0.00 56.00 251 7.06 0.00
Brace Rules
. 0.00 1.00 0.00 0.05 0.00
Clone Implementation Rules
Cohesion Metric Rules 0.00 3.00 0.29 0.53 0.00
Complexity Metric Rules 0.00 13.00 0.38 1.52 0.00
. 0.00 14.00 0.35 1.36 0.00
Controversial Rules
Coupling Metric Rules 0.00 7:00 0.28 0.76 0.00
. 0.00 109.00 5.93 14.16 1.00
Design Rules
0.00 3.00 0.02 0.20 0.00
Import Statement Rules
0.00 2.00 0.05 0.24 0.00

Inheritance Metric Rules
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I2EE Rules 0.00 1.00 0.00 0.05 0.00
JUnit Rules 0.00 92.00 2.32 10.03 0.00
Jakarta Commons Logging Rules 0.00 4.00 0.01 0.19 0.00
Java Logging Rules 0.00 38.00 0.39 2.85 0.00
JavaBean Rules 0.00 1.00 0.00 0.05 0.00
Naming Rules 0.00 91.00 0.99 5.24 0.00
Optimization Rules 0.00 17.00 0.21 1.06 0.00
Security Code Guideline Rules 0.00 3.00 0.04 0.26 0.00
Size Metric Rules 0.00 71.00 3.94 5.44 4.00
Strict Exception Rules 0.00 10.00 0.11 0.62 0.00
String and StringBuffer Rules 0.00 26.00 0.78 296 0.00
Type Resolution Rules 0.00 92.00 1.41 6.78 0.00
Unnecessary and Unused Code Rules 0.00 55.00 0.22 277 0.00
Table C.3: Descriptive static ofjunit dataset.

Metrics Minimum Maximum Mean Stdev Median
CC 0.00 1.00 0.02 0.14 0.00
LCOM5 0.00 63.00 1.74 3.15 1.00
NL 0.00 5.00 0.30 0.73 0.00
WMC 0.00 87.00 4.36 7.95 2.00
CBO 0.00 68.00 3.80 4.50 3.00
CBOI 0.00 124.00 2.74 8.33 1.00
NII 0.00 392.00 3.03 19.35 0.00
NOI 0.00 34.00 2.31 4.34 1.00
RFC 0.00 87.00 5.71 8.68 3.00
AD 0.00 1.00 0.11 0.27 0.00
CD 0.00 0.81 0.07 0.17 0.00
PUA 0.00 62.00 3.12 3.83 2.00
DIT 0.00 5.00 0.64 0.97 0.00
NOC 0.00 71.00 0.34 2.99 0.00
LLOC 1.00 371.00 19.01 29.86 9.00
NA 0.00 9.00 0.94 1.37 0.00
NG 0.00 9.00 0.56 1.43 0.00
NLA 0.00 8.00 0.63 1.14 0.00
NLG 0.00 9.00 0.25 0.95 0.00
NLPA 0.00 6.00 0.16 0.53 0.00
NLS 0.00 3.00 0.04 0.24 0.00
NM 0.00 80.00 11.60 18.71 3.00
NPM 0.00 75.00 9.44 16.26 2.00
NS 0.00 4.00 0.31 0.75 0.00
TNG 0.00 17.00 0.76 1.92 0.00
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TNLM 0.00 99.00 4.60 7.85 2.00
TNLPA 0.00 17.00 0.27 1.09 0.00
TNM 0.00 662.00 17.35 42.10 3.00
TNOS 0.00 181.00 8.42 17.53 2.00
TNPA 0.00 17.00 0.30 1.11 0.00
WarningCritical 0.00 11.00 0.11 0.72 0.00
WarningInfo 0.00 325.00 15.28 24.32 8.00
WarningMajor 0.00 85.00 1.61 4.26 1.00
WarningMinor 0.00 173.00 4.67 11.04 1.00
Basic Rules 0.00 5.00 0.03 0.29 0.00
Brace Rules 0.00 28.00 0.81 2.96 0.00
Cohesion Metric Rules 0.00 23.00 0.54 1.29 0.00
Controversial Rules 0.00 5.00 0.13 0.57 0.00
Coupling Metric Rules 0.00 2.00 0.05 0.23 0.00
Design Rules 0.00 108.00 1.95 5.54 1.00
Empty Code Rules 0.00 5.00 0.04 0.30 0.00
Import Statement Rules 0.00 7.00 0.02 0.28 0.00
Inheritance Metric Rules 0.00 3.00 0.05 0.25 0.00
J2EE Rules 0.00 4.00 0.01 0.17 0.00
JUnit Rules 0.00 89.00 1.75 6.58 0.00
Java Logging Rules 0.00 3.00 0.01 0.15 0.00
Migration Rules 0.00 8.00 0.04 0.46 0.00
Naming Rules 0.00 18.00 0.50 1.80 0.00
Optimization Rules 0.00 30.00 0.39 1.63 0.00
Security Code Guideline Rules 0.00 1.00 0.00 0.07 0.00
Size Metric Rules 0.00 48.00 1.28 3.71 0.00
Strict Exception Rules 0.00 14.00 0.33 1.11 0.00
String and StringBuffer Rules 0.00 4.00 0.05 0.32 0.00
Type Resolution Rules 0.00 28.00 0.33 1.40 0.00
Unnecessary and Unused Code Rules 0.00 2.00 0.02 0.13 0.00
Table C4: Descriptive static ofMapDB dataset.
Metrics Minimum Maximum Mean Stdev Median
cc 0.00 1.00 0.12 0.27 0.00
LCOMS 0.00 22.00 2.07 2.49 1.00
NL 0.00 29.00 1.33 2.07 1.00
WMC 0.00 1525.00 23.40 93.92 4.00
CBO 0.00 40.00 3.74 4.70 2.00
CBOI 0.00 111.00 2.94 9.79 0.00
NIl 0.00 284.00 5.40 23.10 0.00
NOI 0.00 54.00 5.74 9.00 2.00
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REC 0.00 156.00 13.58 20.97 6.00
AD 0.00 1.00 0.15 0.27 0.00
cD 0.00 0.95 0.10 0.16 0.02
PUA 0.00 152.00 5.78 10.99 3.00
DIT 0.00 4.00 0.52 0.71 0.00
NOC 0.00 11.00 0.22 1.00 0.00
LLOC 2.00 11272.00 119.63 634.97 22.00
NA 0.00 77.00 5.97 10.64 2.00
NG 0.00 19.00 0.77 2.19 0.00
NLA 0.00 34.00 2.14 4.49 0.00
NLG 0.00 19.00 0.43 1.50 0.00
NLM 0.00 156.00 7.85 15.01 3.00
NLPA 0.00 18.00 0.21 1.35 0.00
NM 0.00 156.00 12.89 21.53 3.00
NPA 0.00 18.00 2.35 5.20 0.00
TNA 0.00 255.00 8.81 18.37 2.00
TNLG 0.00 31.00 0.62 2.29 0.00
TNLPA 0.00 235.00 0.92 11.56 0.00
TNLPM 0.00 208.00 8.90 19.59 3.00
TNLS 0.00 6.00 0.14 0.57 0.00
TNPA 0.00 252.00 3.73 13.55 0.00
TNPM 0.00 252.00 14.88 28.98 3.00
WarningCritical 0.00 92.00 1.17 7.10 0.00
. 0.00 1516.00 40.84 109.93 13.00
WarningInfo
) . 0.00 153.00 2.27 10.61 0.00
WarningMajor
. . 0.00 4541.00 36.20 246.20 4.00
WarningMinor
. 0.00 925.00 3.43 48.22 0.00
Basic Rules
0.00 270.00 6.07 19.52 0.00
Brace Rules
Cohesion Metric Rules 0.00 10.00 0.55 1.04 0.00
Complexity Metric Rules 0.00 45.00 0.81 3.57 0.00
. 0.00 123.00 1.93 7.63 0.00
Controversial Rules
Coupling Metric Rules 0.00 18.00 0.26 1.18 0.00
. 0.00 71.00 2.81 7.59 1.00
Design Rules
Documentation Metric Rules 0.00 587.00 22.70 48.75 9.00
Empty Code Rules 0.00 22.00 0.27 1.73 0.00
Import Statement Rules 0.00 9.00 0.04 0.48 0.00
Inheritance Metric Rules 0.00 2.00 0.02 0.16 0.00
JUnit Rules 0.00 2320.00 16.55 131.09 0.00
Javalogging Rules 0.00 10.00 0.17 0.86 0.00
0.00 4.00 0.07 0.32 0.00
JavaBean Rules
N 0.00 980.00 3.71 51.19 0.00
Migration Rules
. 0.00 179.00 2.01 11.07 0.00
Naming Rules
0.00 20.00 0.34 154 0.00

Optimization Rules
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Security Code Guideline Rules 0.00 9.00 0.08 0.58 0.00
Size Metric Rules 0.00 202.00 3.19 12.12 0.00
Strict Exception Rules 0.00 176.00 1.64 12.21 0.00
String and StringBuffer Rules 0.00 22.00 028 1.54 0.00
Type Resolution Rules 0.00 23.00 0.34 2.05 0.00
Unnecessary and Unus€dde Rules 0.00 941.00 3.29 49.06 0.00
Table C5: Descriptive static of mcMMO dataset.
Metrics Minimum Maximum Mean Stdev Median
CcC 0.00 1.00 0.12 0.27 0.00
LCOM5 0.00 138.00 2.03 8.25 1.00
NL 0.00 7.00 1.50 1.62 1.00
WMC 0.00 261.00 19.07 31.35 8.00
CBO 0.00 48.00 4.76 6.11 3.00
CBOI 0.00 101.00 4.00 11.84 1.00
NIl 0.00 250.00 6.80 25.67 1.00
NOI 0.00 86.00 8.10 12.14 4.00
RFC 1.00 200.00 15.94 22.41 9.00
AD 0.00 0.97 0.12 0.24 0.00
CD 0.00 0.70 0.08 0.13 0.00
CLOC 0.00 355.00 10.97 30.89 0.00
DLOC 0.00 355.00 9.21 29.35 0.00
PUA 1.00 181.00 5.49 14.26 3.00
TCD 0.00 0.70 0.08 0.13 0.00
DIT 0.00 2.00 0.37 0.51 0.00
NOC 0.00 13.00 0.23 1.31 0.00
LLOC 3.00 917.00 64.69 95.16 32.00
LOC 3.00 1160.00 90.96 136.45 42.00
NA 0.00 36.00 4.55 6.07 3.00
NG 0.00 197.00 3.14 13.85 0.00
NLA 0.00 32.00 2.82 4.88 1.00
NLM 0.00 199.00 7.84 17.23 4.00
NLPM 0.00 197.00 6.08 16.92 2.00
NLS 0.00 15.00 0.47 1.60 0.00
NPM 0.00 201.00 6.87 17.33 2.00
TNLG 0.00 197.00 3.30 14.74 0.00
WarningCritical 0.00 15.00 0.42 1.44 0.00
WarningInfo 2.00 381.00 25.71 42.10 15.00
WarningMajor 0.00 39.00 0.77 3.13 0.00
WarningMinor 0.00 62.00 5.66 9.15 2.00
Basic Rules 0.00 3.00 0.07 0.36 0.00
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Brace Rules 0.00 2.00 0.02 0.17 0.00
Cohesion Metric Rules 0.00 1.00 0.27 0.45 0.00
Controversial Rules 0.00 4.00 0.07 0.41 0.00
Coupling Metric Rules 0.00 8.00 0.35 1.09 0.00
Documentation Metric Rules 1.00 367.00 17.35 32.35 9.00
Empty Code Rules 0.00 2.00 0.03 0.18 0.00
Inheritance Metric Rules 0.00 1.00 0.01 0.08 0.00
JUnit Rules 0.00 6.00 0.02 0.35 0.00
Jakarta Commons Logging Rules 0.00 4.00 0.05 0.43 0.00
Java Logging Rules 0.00 8.00 0.11 0.72 0.00
Naming Rules 0.00 55.00 0.50 341 0.00
Optimization Rules 0.00 18.00 0.17 1.14 0.00
Size Metric Rules 0.00 33.00 1.88 3.70 0.00
Strict Exception Rules 0.00 10.00 0.14 0.79 0.00
Type Resolution Rules 0.00 14.00 0.19 1.00 0.00
Unnecessary and Unused Code Rules 0.00 2.00 0.02 0.19 0.00
Table C.6: Descriptive static ofmct dataset.
Metrics Minimum | Maximum Mean Stdev Median
cc 0.00 1.00 0.19 0.36 0.00
LCOMS5 0.00 60.00 1.37 2.42 1.00
NL 0.00 18.00 0.95 1.47 0.00
wMC 0.00 413.00 9.31 19.98 3.00
CBO 0.00 56.00 3.86 5.07 2.00
CBOI 0.00 409.00 2.92 13.75 1.00
NII 0.00 503.00 3.89 18.84 0.00
NOI 0.00 199.00 4.92 10.50 1.00
RFC 0.00 246.00 10.02 17.18 4.00
AD 0.00 1.00 0.16 0.32 0.00
CD 0.00 0.82 0.10 0.17 0.00
PUA 0.00 100.00 3.88 6.64 2.00
DIT 0.00 5.00 0.60 0.91 0.00
NOC 0.00 65.00 0.27 2.63 0.00
NA 0.00 124.00 5.07 8.75 2.00
NG 0.00 60.00 3.58 7.68 0.00
NLA 0.00 124.00 2.51 6.27 1.00
NLG 0.00 45.00 1.18 3.50 0.00
NLPA 0.00 122.00 0.31 3.95 0.00
NLS 0.00 51.00 0.53 2.71 0.00
NM 0.00 175.00 12.78 22.32 4.00
NOS 0.00 896.00 26.93 65.45 6.50

253



NPA 0.00 122.00 0.78 4.15 0.00
NS 0.00 51.00 1.39 3.82 0.00
TNG 0.00 1099.00 5.64 26.62 1.00
TNLG 0.00 50.00 1.50 4.25 0.00
TNLPA 0.00 163.00 0.47 5.52 0.00
TNPA 0.00 163.00 1.04 5.69 0.00
TNS 0.00 409.00 2.12 10.09 0.00
WarningBlocker 0.00 1.00 0.00 0.02 0.00
WarningCritical 0.00 22.00 0.24 1.37 0.00
WarninglInfo 0.00 1390.00 24.99 52.73 12.00
WarningMajor 0.00 37.00 0.71 2.42 0.00
WarningMinor 0.00 318.00 4.59 15.05 1.00
BasicRules 0.00 22.00 0.14 1.11 0.00
Brace Rules 0.00 42.00 0.65 2.83 0.00
Clone Implementation Rules 0.00 2.00 0.01 0.10 0.00
Cohesion Metric Rules 0.00 8.00 0.33 0.67 0.00
Complexity Metric Rules 0.00 14.00 0.23 1.05 0.00
Controversial Rules 0.00 58.00 0.39 2.01 0.00
Coupling Metric Rules 0.00 16.00 0.24 0.94 0.00
Design Rules 0.00 138.00 1.90 5.90 0.00
Documentation Metric Rules 0.00 311.00 13.96 22.15 7.00
Empty Code Rules 0.00 6.00 0.03 0.23 0.00
Finalizer Rules 0.00 1.00 0.00 0.03 0.00
Import Statement Rules 0.00 64.00 0.06 1.48 0.00
Inheritance Metric Rules 0.00 49.00 0.09 1.09 0.00
J2EE Rules 0.00 2.00 0.00 0.08 0.00
JUnit Rules 0.00 286.00 1.27 10.54 0.00
Jakarta Commons Logging Rules 0.00 12.00 0.05 0.52 0.00
Java LoggindRules 0.00 17.00 0.06 0.57 0.00
Migration Rules 0.00 4.00 0.01 0.14 0.00
Naming Rules 0.00 133.00 0.36 3.13 0.00
Optimization Rules 0.00 20.00 0.21 1.09 0.00
Security Code Guideline Rules 0.00 4.00 0.02 0.20 0.00
Size Metric Rules 0.00 364.00 2.26 9.10 0.00
Strict Exception Rules 0.00 11.00 0.09 0.56 0.00
String and StringBuffer Rules 0.00 35.00 0.14 1.03 0.00
Type Resolution Rules 0.00 12.00 0.13 0.75 0.00
Unnecessary and Unused Code Rules 0.00 14.00 0.06 0.43 0.00
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Table C.7: Descriptive static oforyx dataset.

Metrics Minimum Maximum Mean Stdev Median
CcC 0.00 1.00 0.07 0.19 0.00
LCOM5 0.00 10.00 1.37 1.16 1.00
NL 0.00 13.00 1.33 1.48 1.00
WMC 1.00 121.00 8.93 12.02 5.00
CBO 0.00 38.00 4.04 4.12 3.00
CBOI 0.00 77.00 3.47 7.78 1.00
NII 0.00 179.00 4.33 12.94 1.00
NOI 0.00 66.00 5.25 6.73 3.00
RFC 1.00 104.00 9.75 9.14 7.00
AD 0.00 1.00 0.27 0.34 0.11
CD 0.00 0.60 0.12 0.14 0.07
PUA 0.00 26.00 3.26 3.51 2.00
DIT 0.00 5.00 0.75 0.95 1.00
NOC 0.00 64.00 0.41 3.13 0.00
NA 0.00 17.00 3.74 3.51 3.00
NG 0.00 14.00 2.04 2.59 1.00
NLA 0.00 15.00 1.73 2.28 1.00
NLG 0.00 14.00 0.88 1.95 0.00
NLM 1.00 50.00 4.50 4.83 3.00
NLPA 0.00 10.00 0.07 0.54 0.00
NLPM 0.00 46.00 3.43 4.28 2.00
NLS 0.00 4.00 0.05 0.31 0.00
NM 1.00 60.00 10.14 9.43 7.00
NPA 0.00 10.00 0.29 0.86 0.00
NPM 0.00 54.00 5.13 4.81 4.00
NS 0.00 4.00 0.37 0.84 0.00
TNPA 0.00 10.00 0.30 0.88 0.00
TNPM 0.00 63.00 5.57 5.82 4.00
TNS 0.00 4.00 0.38 0.85 0.00
WarningCritical 0.00 1.00 0.01 0.07 0.00
WarninglInfo 0.00 160.00 15.70 18.21 10.00
WarningMajor 0.00 25.00 0.56 1.77 0.00
WarningMinor 0.00 90.00 3.02 7.40 1.00
Basic Rules 0.00 1.00 0.01 0.11 0.00
Clone Implementation Rules 0.00 1.00 0.00 0.04 0.00
Cohesion Metric Rules 0.00 3.00 0.24 0.47 0.00
Complexity Metric Rules 0.00 9.00 0.25 0.96 0.00
Controversial Rules 0.00 7.00 0.19 0.67 0.00
Coupling Metric Rules 0.00 10.00 0.18 0.67 0.00
Design Rules 0.00 12.00 0.79 1.40 0.00
Documentation Metric Rules 0.00 115.00 11.62 11.69 8.00
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Empty Code Rules 0.00 1.00 0.00 0.06 0.00
Inheritance Metric Rules 0.00 2.00 0.01 0.14 0.00
JUnit Rules 0.00 89.00 1.64 7.21 0.00
Jakarta Commons Logging Rules 0.00 2.00 0.02 0.15 0.00
Javalogging Rules 0.00 1.00 0.01 0.09 0.00
JavaBean Rules 0.00 1.00 0.07 0.25 0.00
Naming Rules 0.00 21.00 0.42 1.44 0.00
Optimization Rules 0.00 2.00 0.02 0.18 0.00
Security Code Guideline Rules 0.00 7.00 0.08 0.46 0.00
Size Metric Rules 0.00 12.00 0.69 142 0.00
Strict Exception Rules 0.00 5.00 0.03 0.26 0.00
String and StringBuffer Rules 0.00 4.00 0.05 0.30 0.00
Type Resolution Rules 0.00 23.00 0.26 1.52 0.00
Unnecessary and Unused Code Rules 0.00 1.00 0.00 0.04 0.00
Table C.8: Descriptive static oftitan dataset.
Metrics Minimum Maximum Mean Stdev Median
cC 0.00 1.00 0.05 0.18 0.00
LCOM5 0.00 60.00 2.65 3.97 1.00
NL 0.00 10.00 1.15 1.59 1.00
WMC 0.00 323.00 10.11 19.73 4.00
CBO 0.00 124.00 3.15 6.85 1.00
CBOI 0.00 160.00 1.52 6.03 0.00
NII 0.00 47.00 0.95 3.66 0.00
NOI 0.00 223.00 1.66 10.77 0.00
RFC 0.00 299.00 6.69 15.96 3.00
CD 0.00 0.96 0.10 0.14 0.04
DLOC 0.00 539.00 5.64 21.58 0.00
PUA 0.00 80.00 4.45 5.66 3.00
DIT 0.00 9.00 0.73 1.23 0.00
NOC 0.00 36.00 0.23 1.29 0.00
NA 0.00 160.00 3.76 7.16 2.00
NG 0.00 44.00 2.37 5.40 0.00
NLA 0.00 160.00 2.12 5.78 1.00
NLG 0.00 35.00 1.13 2.78 0.00
NLPA 0.00 139.00 0.47 4.16 0.00
NLS 0.00 15.00 0.18 0.80 0.00
NM 0.00 123.00 10.74 17.98 4.00
NPA 0.00 139.00 1.31 5.08 0.00
NS 0.00 15.00 0.37 1.21 0.00
TNG 0.00 76.00 2.61 5.96 0.00
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TNLPM 0.00 93.00 5.20 8.28 3.00
WarningCritical 0.00 75.00 0.17 2.08 0.00
WarningInfo 0.00 428.00 20.35 30.89 10.00
WarningMajor 0.00 391.00 6.61 18.08 1.00
WarningMinor 0.00 1104.00 7.15 32.65 1.00
Basic Rules' 0.00 71.00 0.11 1.88 0.00
Clone Implementation Rules 0.00 2.00 0.00 0.07 0.00
Cohesion Metric Rules 0.00 19.00 0.60 0.87 0.00
Complexity Metric Rules 0.00 17.00 0.32 1.28 0.00
Controversial Rules 0.00 27.00 0.31 1.34 0.00
Coupling Metric Rules 0.00 24.00 0.14 0.96 0.00
Design Rules 0.00 40.00 1.26 3.10 0.00
Documentation Metric Rules 0.00 265.00 15.46 22.13 9.00
Empty Code Rules 0.00 71.00 0.08 1.87 0.00
Import Statement Rules 0.00 92.00 0.17 2.66 0.00
Inheritance Metric Rules 0.00 3.00 0.10 0.43 0.00
J2EE Rules 0.00 3.00 0.01 0.17 0.00
JUnit Rules 0.00 945.00 2.73 27.04 0.00
Jakarta Commons Logging Rules 0.00 11.00 0.06 0.53 0.00
Javalogging Rules 0.00 6.00 0.03 0.28 0.00
JavaBean Rules 0.00 1.00 0.00 0.03 0.00
Naming Rules 0.00 14.00 0.40 1.12 0.00
Optimization Rules 0.00 11.00 0.12 0.57 0.00
Security Code Guideline Rules 0.00 4.00 0.03 0.23 0.00
Size Metric Rules 0.00 67.00 1.64 3.92 0.00
Strict Exception Rules 0.00 10.00 0.12 0.61 0.00
String and StringBuffer Rules 0.00 67.00 0.21 2.13 0.00
Type Resolution Rules 0.00 17.00 0.23 1.16 0.00
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Figure C.1: Multiple ROC curves for prediction models in the first scenario.
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Figure C.2: Multiple ROC curves for prediction models in the secondscenatrio.
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Figure C.3: Multiple ROC curves for prediction models in thethird scenario.
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Figure C.4: Multiple ROC curves for prediction models in the fourth scenario.
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