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ABSTRACT

Software quality measurement represents the procedure of
assessing an attribute of software to quantify its quality. Actually, there
are many attributes and metrics used to measure software quality such as
functionality, usability, reliability, flexibility, maintainability, and
testability. Reliability is one of the key factors used to gauge software
quality. Software defect prediction (SDP) is one of the most important
factors that affect measuring software's reliability and ensures the quality
of software systems. However, the high dimensionality of the features
and imbalanced data influence the efficiency of SDP models directly.
Machine learning (ML) algorithms and metaheuristic optimization
algorithms were considered the most common techniques that are used
as SDP models. An imbalanced dataset is considered one of the common
problems for machine learning algorithms because it makes the model
biased towards the majority class in the binary classifications. In this
thesis, two types of SDP models have been proposed based on improving
machine learning algorithms to address the issues that are facing SDP
models to get high prediction performance.

The first type includes proposing a hybrid binary whale
optimization algorithm (BWOA) based on taper-shape transfer functions
for solving feature selection problems and dimension reduction as a new
software defect prediction model. The values of a real vector that
represents the individual encoding have been converted to binary vector
by using the four types of Taper-shaped transfer functions to enhance the
performance of BWOA and reduce the dimensions of the search space.
For the first time, the K-nearest neighbor (KNN) classifier was
dependent on the proposed (T-BWOA) to investigate its efficiency as an
SDP model. Then, three standard classifiers, which are Naive Bias (NB),
Random Forest (RF), and Decision Tree (DT) have been implemented on
(T-BWOA) instead of KNN for the same purpose.

The second type includes proposing a hybrid artificial rabbit
optimization (ARO) algorithm with a modified random vector functional
link (MRVFL) neural network by depending on two paradigms. The first
paradigm depended on utilizing a Single-objective (ARO) algorithm to
train the (MRVFL) neural network, while the second paradigms, which
has been used to train the (MRVFL) neural network also, is based on
using a Multi-objective (ARO) algorithm. The training process includes



tuning the linkage weights and biases of the (MRVFL) neural network
based on the fitness value. For the (SARO-MRVFL) model, the fitness
value is represented by one objective function only; while, for the
(MARO-MRVFL) model, the fitness value is represented by three
objective functions.

The performance of the suggested models was evaluated using ten
standard software defect prediction datasets from the NASA repositories.
Each dataset has a different number of features and patterns. Also, seven
evaluation metrics have been used to assess the effectiveness of the
suggested models. The experimental results have shown that the
performance of T2-BWOA-KNN produced promising results compared
to other methods including ten methods from the literature. In addition,
the performance of the NB, DT, and RF classifiers on (T-BWOA) was
acceptable with slight differences among them. Moreover, the (MARO-
MRVFL) model has superior performance compared to other proposed
models and other methods in the literature. The accuracy obtained for the
ten datasets was Cml, 0.9121; JM1, 0.8491; KC1, 0.8338; KC3, 0.9512;
MWI, 0.93; PC1, 0.9279; PC2, 0.9498; PC3, 0.8875; PC4, 0.9476;
PC5, 0.8260. AUC was as follows: Cml, 0.8878; JMI, 0.8616; KC1,
0.7660; KC3, 0.9415; MW1, 0.9619; PC1, 0.7053; PC2, 0.9662; PC3,
0.8419; PC4, 0.9076; PC5, 0.8039. Furthermore, statistical analysis
using the Kendall W test and Paired samples t-test confirms the
significance of the proposed (MARO-MRVFL) model compared to other
alternative SDP models.
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