A MODIFIED WEIGHTED SUPPORT VECTOR MACHINE (WSVM) TO
REDUCE NOISE DATA IN CLASSIFICATION PROBLEM

SYARIZUL AMRI MOHD DZULKIFLI

A thesis submitted in
fulfillment of the requirement for the award of the

Doctor of Philosophy in Information Technology

Faculty of Computer Science and Information Technology
Universiti Tun Hussein Onn Malaysia

DECEMBER, 2021



ACKNOWLEDGEMENTS

All praise to the Almighty Allah, for the good health and wellbeing that were
necessary to complete this study. 1 would like to express my sincere gratitude
to Assoc. Prof. Dr. Mohd Najib bin Mohd Salleh, my supervisor, for the
continuous support of my PhD study and research, for his patience, motivation,
enthusiasm, and immense knowledge. His guidance helped me in all the time
of research and writing of this thesis.

| take this opportunity to express gratitude to Faculty of Computer
Science and Information Technology (FSKTM) and Centre for Graduate
Studies (CGS) of Universiti Tun Hussein Onn Malaysia (UTHM) for providing
good facilities and inspiring environment for me to complete this study.

I also place on record, my sense of gratitude to one and all, who directly
or indirectly, have lent their helping hands in this study.

Last but not least, deepest appreciation to my parents, Mohd Dzulkifli
bin A. Jalil and Shaikhah binti Ahmad, and my siblings, Syahrun Neizam bin
Mohd Dzulkifli, Dzunnur Zaily binti Mohd Dzulkifli and Syafiee Syukrie bin
Mohd Dzulkifli for their support and give me a lot of encouragement, guidance

and motivation.



ABSTRACT

Classification refers to a predictive modeling problem where a class label is predicted
for a given example of input data. Data is everywhere and the amount of digital data
that exists is growing exponentially. However, data is rarely perfect and there are many
inconsistencies that affect data quality such as noise data. Nowadays, the use of SVM
is very perspective for the big data classification. SVM provides a global solution for
data classification but SVM is highly sensitive to noise data and may not be effective
when the level of noise data is high. When noise exists in training data, the decision
boundary of SVM would deviate from the optimal hyperplane severely. To overcome
SVM drawback for noise data problem, WSVM using KPCM algorithm was used but
WSVM using kernel-based learning algorithm such as KPCM algorithm suffer from
training complexity, expensive computation time and storage memory when noise data
contaminate training data. Thus, through a simple pruning and speed-up method such
as clustering method, WKM-SVM has been proposed. However, WKM-SVM has
several limitations that are related to k-Means Clustering. One of the limitations of
WKM-SVM is the clustering centers may not suitably represent original data
structures which can potentially cause poor prediction results. Therefore, this research
work proposes a modified WSVM utilized with instance selection method and
weighted learning to improve WSVM training and classification accuracy. The
modification of WSVM will reduce noise data by producing multiple hyperplanes and
selecting the optimal hyperplane based on the lowest noise data. The overall result
shows that the proposed method outperforms WSVM, OWSVM and WKM-SVM in
all datasets in terms of classification accuracy. Specifically, the proposed method
produces classification accuracy equal to or higher than 85% for three datasets and
lower than 85% for six datasets. However, the performance of the proposed method
for test data may not be as good as anticipated since most of the datasets produced

classification accuracy lower than 85%.



ABSTRAK

Pengkelasan merujuk kepada masalah pemodelan ramalan yang mana label kelas
diramalkan untuk contoh tertentu bagi kemasukan data. Data ada di mana-mana dan
jumlah data digital yang wujud telah berkembang dengan pesat. Walau bagaimanapun,
data jarang sempurna dan terdapat banyak ketidakseragaman yang mempengaruhi kualiti
data seperti hingar data. Masa kini, penggunaan SVM adalah sangat perspektif bagi
pengkelasan data besar. SVM menyediakan penyelesaian umum untuk pengkelasan data
tetapi SVM amat sensitif terhadap hingar data dan mungkin tidak efektif jika hingar data
adalah tinggi. Apabila hingar wujud dalam data latihan, sempadan keputusan SVM akan
tersasar jauh dari sempadan optimum. Bagi mengatasi kekurangan SVM dalam masalah
hingar data, WSVM yang menggunakan algoritma KPCM telah digunakan tetapi WSVM
yang menggunakan algoritma pembelajaran berasaskan kernel seperti algoritma KPCM
mempunyai masalah dalam latihan, masa pengiraan yang tinggi dan ruang memori apabila
hingar data mengubah data latihan. Dengan demikian, melalui kaedah mempercepat dan
pengurangan mudah seperti kaedah pengelompokan, WKM-SVM telah dicadangkan.
Namun begitu, WKM-SVM mempunyai beberapa kekangan berkaitan dengan k-Means
Clustering. Salah satu kekangan tersebut adalah pusat pengelompokan tidak sesuai
mewakili struktur data asal yang berpotensi menyebabkan keputusan ramalan yang
rendah. Lantaran itu, kerja penyelidikan ini mencadangkan agar WSVM diubah suai
menggunakan kaedah instance selection dan weighted learning untuk meningkatkan
latihan WSVM dan ketepatan pengkelasan. Pengubahsuaian WSVM akan mengurangkan
hingar data melalui penghasilan sempadan keputusan yang pelbagai dan pemilihan
sempadan keputusan berdasarkan jumlah hingar data yang rendah. Hasil keseluruhan
keputusan menunjukkan bahawa kaedah yang dicadangkan mengatasi WSVM, OWSVM
dan WKM-SVM berdasarkan pada ketepatan pengkelasan dalam semua set data. Secara
khususnya, kaedah yang dicadangkan memperoleh ketepatan pengkelasan sama atau lebih
tinggi dari 85% untuk tiga set data dan lebih rendah dari 85% untuk enam set data. Namun
begitu, pencapaian bagi kaedah yang dicadangkan untuk data ujian tidak sebaik yang
dijangkakan kerana kebanyakan set data memperoleh ketepatan pengkelasan lebih rendah
dari 85%.
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CHAPTER 1

INTRODUCTION

1.1  Background of Research

Machine learning (ML) is a continuously developing field, given that some
considerations need to be taken into account in working with machine learning
methodologies or analysing the impact of machine learning processes (Tagliaferri,
2017). ML applications are highly automated and self-modifying and continue to
improve over time with minimal human intervention as they learn with more data.
According to a recent study, ML algorithms are expected to replace 25% of global jobs
in the next decade (Mathews & Aasim, 2021). The basic objective of ML is to allow
computers to automatically learn to recognise complex patterns, make intelligent
decisions, and improve performance over time based on the input data. Most often,
this involves using a set of historical outcomes to make predictions about future
outcomes. ML is also seen as a discipline in artificial intelligence (Al) that consists of
designing and developing algorithms. Generally, ML aims to find patterns in data and
subsequently use a model that recognizes those patterns in making predictions on new
data.

However, ML has its own unique challenges compared to other approaches
(Nair, 2017); the first challenge is understanding which processes need automation.
Intelligent process automation is about robotic process automation fundamentals
combined with ML capabilities to robotize the tasks and learn to perform a job even
better (Joshi, 2019). The most straightforward processes to automate are the ones that

are performed each day manually with no variable output. The complicated processes



require further self-analysis before automation. Though, while ML can help automate
some processes, not all automation problems need ML. The second challenge is the
lack of good data. Noise in data is a significant concern for many ML techniques used
in modeling data (Atla et al., 2011). The solution is to evaluate data through data
acquisition, data integration, and data exploration until generating a good dataset. The
third challenge is the inadequate infrastructure. For most organisations, managing the
various aspects of the infrastructure surrounding ML activities can become a
significant challenge (Dean, 2017). The solution to handle ML is to upgrade storage
accompanied by hardware acceleration and distributed computing.

The fourth challenge is implementation. Various data driven organizations
have spent many years developing successful analytics platforms for implementing
ML. Implementing a ML algorithm will provide a deep and practical appreciation for
how the algorithm works. This knowledge can also help to internalize the
mathematical description of the algorithm (Novikov, 2020). Moreover, integrating
newer ML methodologies into existing methodologies is a complicated task. Though
maintaining proper interpretation and documentation is an excellent solution to ease
the implementation of new methodologies, the last challenge results from the limited
skilled resources. With the rapid growth of big data and the availability of
programming tools, ML is becoming increasingly popular for data scientists (Mathews
& Aasim, 2021). Data scientists often need a combination of domain experience and
in-depth knowledge of science, technology, and mathematics. Consequently, the
recruitment for data scientists requires companies to pay large salaries since these jobs
are often in high demand. This is due to the emergence of big data and how data is
being generated and consumed by companies (Das, 2020).

Given these challenges, the second challenge is related to this research as, over
the last few decades, noise data has attracted a considerable amount of interest and
attention from researchers. The research community has developed several techniques
and algorithms to address this issue (Prati et al., 2019). ML can assist people who are
frequently susceptible to making mistakes during analyses and trying to establish
relationships between multiple features and improve the efficiency of systems and the
designs of machines. ML also provides knowledge on making more informed, data

driven decisions faster than traditional approaches. Having said that, there are three



types of ML.: supervised learning, unsupervised learning, and reinforcement learning
(Atul, 2019).

In supervised learning, the algorithms are designed to learn by example. When
training a supervised learning algorithm, the training data consists of inputs paired with
the expected outputs. The training data can accept any type of data as an input, such
as values of a database row, the pixels of an image, or an audio frequency histogram.
During training, the algorithm searches for patterns in the data that correlate with the
expected outputs; then, after training, the algorithm will take in new unseen inputs and
determine the label for the new inputs classified based on prior training data. The
supervised learning model aims to predict the correct label for newly presented input
data (Wilson, 2019a).

Unlike supervised learning, unsupervised learning does not use labeled data
but focuses on the data’s attributes. Unsupervised learning will frequently find
subgroups or detect hidden patterns based on the typical characteristics of the input
data within the dataset. In unsupervised learning, the targeted outputs are not subjects
of concern as making predictions is not the desired outcome of unsupervised learning
algorithms (Wilson, 2019b).

On the other hand, reinforcement learning is considered a hit and trial method
of learning. This type of ML is the training of ML models to make a sequence of
decisions. To get the machine to do what the programmer wishes, the Al gets either
rewards or penalties for the actions. The goal is to maximise the total reward.
Moreover, the model has to determine how to perform the task to maximize the reward,
beginning from random trials and finishing with advanced tactics (Btazej & Konrad,
2018).

The majority of practical ML uses supervised learning (Brownlee, 2016). There
is also no single learning algorithm that works best on all supervised learning
problems. A broad range of supervised learning algorithms is available, each with
strengths and weaknesses. Supervised learning has been successful in real world
applications, divided into two categories: classification and regression (Jaiswal, 2018).
Classification predicts discrete values such as true or false and male or female, while
regression predicts continuous values such as price, salary, or age. This research
focuses on classification because classification is an important technique used in data

mining and data analysis applications (Pruengkarn et al., 2015).



In classification, reliability depends on correctly detecting the class label
(Sarangam, 2021). Classification refers to a predictive modeling problem where a class
label is predicted for a given input data example (Brownlee, 2020). The success of
prediction values for the class label aims to measure the overall accuracy, percentage
of data for which the class label is correctly predicted. Moreover, classification
algorithms have been designed to achieve the maximum possible number of correct
class label predictions. In addition, classification seek to predict the target class by
analyzing the training data (Priyadarshiny, 2019) and make good predictions on unseen
data (Pérez-Ortiz et al., 2016). Attributes and class labels typically characterize the
quality of training data, in which the quality of attributes represents how well attributes
describe the data for the training purposes.

In contrast, the quality of the class label indicates whether the label of each
data is correctly assigned (Nazari et al., 2018). However, having said that, data is rarely
perfect, as many inconsistencies affect data quality, such as noise data (Garcia, 2016).
Noise data is also considered one of the most challenging classification problems
(Farid et al., 2013). Even with extreme efforts to avoid noise, it is challenging to ensure
a data acquisition process without errors. Noise data tend to increase the complexity
of the classification problem (Napolitano, 2009) within a wide range of research areas.
Several studies have concluded that, even in controlled environments, there are at least
5% of noise and errors in a dataset (Maletic & Marcus, 2000). Even though there are
various strategies and techniques to manage and deal with noise data, it is often
difficult to determine if a given data is indeed noisy or not.

Support Vector Machine (SVM) is a promising and powerful tool for solving
practical binary classification problems (Cervantes et al., 2020) and provides a global
solution for data classification (Abdiansah & Wardoyo, 2015). One way to learn
classification algorithms in the presence of noise data is to correct the labels on the
noise data and subsequently to learn the classification algorithm. SVM treats all
training data of a given class equally and relies on convex quadratic programming
(QP), whose computational complexity is commonly subject to data size. Various
studies have indicated that noise data have several consequences, such as significantly
reducing the classification accuracy of the classifier (Li et al., 2019), increase in the
numbers of necessary training data, increase the classification model building time,

alterations in the observed frequencies of the possible classes (Frenay & Kaban, 2014)



and increasing the size and interpretability of the classifier (Rani & Rao, 2019).
Therefore, this research emphasizes dealing with noise data by using SVM and

reducing the high computational complexity of SVM training.

1.2 Problem Statement

Nowadays, the use of SVM is very perspective for the big data classification
(Demidova et al., 2016). Training SVM from extremely large and difficult datasets has
become an issue given the high training time and memory complexity of SVM training
(Nalepa & Kawulok, 2018). SVM requires all training data to be stored in memory
during the training when the model's parameters are learned. Once the model
parameters are identified, SVM only depends on a subset of training data commonly
referred to as support vectors (SV) that lie near the margin. Here, the complexity of
the classification task with SVM depends on the number of SV rather than the
dimensionality of the input space (Awad & Khanna, 2015). The number of SV retained
from the original dataset is data-dependent and varies depending on the complexity of
the data, which is captured by the data dimensionality and class. When the data have
noise, it is possible that these SV could be construed as noise as well.

Noise data causes decreased performance on SVM given SVM is highly
sensitive to noise data (Almasi & Rouhani, 2016) and may not be effective when the
level of noise data is high (Li et al., 2013). The performance of SVM can also
dramatically decrease with a relatively small number of noise data, which will make
the decision boundary deviate from the optimal hyperplane severely (Zhu et al., 2016).
Figure 1.1 shows that the noise data influences the decision boundary severely. The
thin solid line is the decision plane with no noises, while the bold dotted line is the

decision plane with some noises. Circles denote noise data.
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Figure 1.1: Noise data influence the decision boundary severely (Zhu et al.,
2016)

In addressing SVM drawback for noise data problem, Yang et al. (2007)
discovered one of the considered solutions by proposing Weighted SVM (WSVM)
using a Kernel-based Possibilistic C-Means (KPCM) algorithm. The KPCM algorithm
generates the weights used in WSVM, and these weights will be given to noise data to
reduce the effect of noise data as if they do not exist in training data. Indeed, different
data have different impacts on the learning of the decision boundary, and the function
of weight can make noise data contribute differently. If the data are already associated
with the weights, the information can be directly utilized to train the data. As a result,
the effect of noise data on the decision boundary is reduced during the training.
However, WSVM using kernel-based learning algorithms such as the KPCM
algorithm suffer from training complexity, expensive computation time and storage
memory when noise data contaminate training data. Nevertheless, it can be reduced
through a simple pruning and speed-up method.

Thus, through a simple pruning and speed-up method such as the clustering
method, WSVM using k-Means Clustering (WKM-SVM) was proposed by Bang &
Jhun (2014) and Kim (2016) to reduce noise data. However, WKM-SVM has several
limitations related to k-Means Clustering. Considering the limitations of WKM-SVM,
the intention of scaling down the training data by selecting support vector candidates
using a small subset to reduce SVM training time while assigned weight of each noise
data for a different penalty of misclassification is considered in this work. The instance

selection method is a set of techniques that reduce the quantity of data by selecting a
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