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ABSTRACT

UNDER-SAMPLING MODELS TO IMPROVE CLASSIFICATION OF
RARE CLASS IN IMBALANCED DATASET

AL SHAMAA, Zina,
PhD, Electrical and Computer Engineering, Altinbag University,
Supervisor: Asst. Prof. Dr. Sefer KURNAZ
Date: December/ 2020

Pages: 82

In classifying the unbalanced data, the accurate predictions are influenced by the characteristics
of data distribution in feature space. The unequal class and overlapping between classes are
essential features which have an impact on the efficiency of the classification of minor class
instances. These problems occur in various realistic applications such as anomaly detection,
predicting students drop out of school, disease diagnosis, etc., which are of immense interest in
knowledge discovery. This study presented two under-sampling techniques to improve the

classification efficiency of the minor class which is of importance to many applications.

For the first objective of this research, we investigated a new method that handles the unequal
distribution problem by under-sampling the major class size to minimize the classification biases
toward the major class. This method is named the Hellinger distance under-sampling model
(HDUS). By using Hellinger distance, the model calculates the similarity between each major
class samples and its neighboring minor class samples, then selects the highest resemblance
major instances considering to keep the minor class without change. Under-sampling the major
class led to better discriminates the minor class instances. The experiments show that HDUS
improve the classification performance of minor class by providing high sensitivity, F1-Measure

Vil



and balanced accuracy. Results also indicate that HDUS can outperform state-of-the-arts under-

sampling models.

For the second objective of this research, we present a model that handle both unbalanced
distribution and overlapping problems by combining the proposed HDUS with ANOVA feature
selection (HDUS+FS). This model has been built by employing HDUS model to remove the
instances which identified as a noise; then employing ANOVA feature selection to eliminate the
features that can indicate a high overlap in the boundary region. The experiment demonstrates
the robustness of our proposed HDUS+FS model which outperforms feature selection alone and
the state-of-the-arts combined with FS models.

Keywords: Imbalanced Classification, Unequal Class Distribution, Overlapping, Under-

Sampling, Hellinger Distance, Feature Selection
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1. INTRODUCTION

1.1 OVERVIEW

Classification is a common method used in data mining problems. It is conducted when an
object needs to be classified into a predefined class based on the attribute of those objects [1].
Most classification algorithms were mainly built to classify the balanced dataset. While most
datasets in real-life applications are imbalanced in nature. That is the distribution of class
instances in the feature space is not uniform, where the class with a greater number of instances

is the majority class and the class with fewer instances is the minority class (rare class) [2], [3].

The classification of unequal class distribution is one of the most complex problems in the data
mining field and has recently attracted a great deal of interest. The conventional classifier
algorithms tends to favor the majority class while failing to classify the rare class correctly. This
results in high overall accuracy of predicting majority class but bad sensitivity towards
classifying the minority class [4]. Thus, an optimal goal is to focus on optimizing the sensitivity
of the abnormal class rather than relying on the overall accuracy[5].

Another important problem in the unbalanced classification is the overlapping between classes
[6]. This fact is related to the features of the dataset and defined as the data points in different
classes that interfere with identical data points in the feature space. It is well-known that a big
number of attributes may weaken the identification of boundary region of the rare class [7]
because some of these attributes may be redundant or noise or there is no strong correlation
between them [8]. That will effect on the accurate identification of minority class, Therefore, it

is important to remove the noise, redundant or irrelevant features [9].

Recently, the unbalanced problems have received much attention, since the unbalanced class
datasets are contained in several realistic applications such as anomaly detection[10], predicting
students drop out of school[11], bankruptcy prediction[12], Face recognition[13], text
classification [14], fraudulent credit card transaction[15], disease diagnosis[16] and many others.
Due to the rise in the number of such applications, learning in the existence of unbalanced data
is becoming a vital subject of research. Previous studies have been presented with many

techniques to solve class imbalance and overlapping problems. Pre-processing techniques are
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commonly used. These techniques mainly work on data level and categorized into Over-

sampling, under-sampling and feature methods [17]-[19].

1.2 RELATED WORK

1.2.1 The Classification With Imbalanced Class

The unbalanced classification is a critical topic that needs an efficient solution for a variety of
problems. These problems present challenges in the development of effective classification
techniques because the traditional classification algorithms were not initially built to train the
unbalanced datasets [20]-[24]. Such classification algorithms are designed to optimize the
overall prediction accuracy. When working with the unbalanced datasets, the traditional
approaches are strongly biased toward the majority class and tend to classify the majority class
accurately but mostly misclassify the minority class which is the class of importance in many
applications. Thus these approaches will lead to very low identification to the minor class when
applied directly to the unbalanced datasets. Therefore, if the problems of unbalanced class
distribution are not resolved before to implement the classification process, it will be weakened
the identification power of the classifier to recognize the rare class correctly, and the model may
be over-fitted with so many training cases from the majority class[25],[26].

Previous research experiments in[27], [28] showed that a greater number of data mining
algorithms are based on the idea that training datasets are well balanced, which is frequently
inaccurate. As stated in the previous section, there are several datasets in a real-life application
having unbalanced class distribution. Many classification algorithms may not consider the shape
of the unequal class distribution and thus produce an incorrect representation model in the
learning tasks. Such an inappropriate action would lead to a decline in the classification
performance of the minority class samples. Therefore, new methods are needed to ensure that a
classification algorithm can efficiently identify these most important rare class samples [29]—
[34].

Recently, the amount of data have increased to a higher level due to sophisticated computing
technology. It is noticed that data display a larger size than before with an increasing number of



features. Imbalanced distribution databases with a large number of features needed an efficient
feature selection techniques to determine the consistency of the features, as it is well recognized
that unnecessary, duplicate and noise existence in the feature space can degrade the efficiency of
the classification algorithms [2],[19], [35]-[39].

1.2.2 Characteristics of Unbalanced Class Distribution

The imbalanced class exists because the quantity of one class outnumbered the quantity of the
other class, which involves a variety of learning problem. In the classification of the unbalanced
data, the right predictions are affected by the characteristics of the unequal distribution of data

points in the feature space[40]-[42]. These characteristics are as follows:

1.2.2.1 The unbalance class distribution

The distribution of unbalanced class is calculated by the imbalanced ratio (IR) that is expressed
as the number of major samples over the number of minor samples. Based on the IR rating, the
unbalanced datasets are split into three groups: low imbalanced (IR is 1.5 — 3), medium
imbalanced (IR is 3 — 9) and large imbalanced ( IR is greater than 9)[1]. The research in [43]
investigated the relationship between the IR in the training dataset and the classification
outcomes utilizing decision tree classifier. However, the study in [40] stated that there is still no
exact value of IR that will begin to a decline in the performance of the classification. The
research in [44] showed that the equilibrium distribution between classes is not an assurance of
enhancing the classifier performance because the equal class ratio is not always the appropriate
distribution to learn from. This indicates that not only the unbalanced distribution effect on the
classifier but other factors also have an impact. Figure 1.1 displays two various distributions

under the same IR.

Figure 1.1: Two distinct distributions with the same IR. a) Simple case. b) Complex case.
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1.2.2.2 Small sample sizes

Another difficulty to classify unbalanced data is the insufficient data due to the limited sample
size in the training set. The insufficient number of instances may cause hardness to detect pattern
uniformity particularly in the training dataset. The paper [23], showed that if the size of training
instances grows, then the failure rate of the unbalanced class classification decreases. Similarly,
the study [44], found similar results, There findings demonstrated that the classifier can build a
stronger representation of classes with a more accessible training dataset

1.2.2.3 Overlapping

One of the important challenges with the unbalanced data classification is the appearance of
overlapping in the dataset. Class overlapping refers to the data points in different classes which
interfere with identical data points in the dataset [45]. In other meaning, it refers to how
separable the classes in the dataset (as shown in figure 1.2.) The challenge is in distinguishing
the minority class from the majority class, which have difficulty in distinguishing between
various classes accurately, especially the smaller class[46]. Many studies [8], [47]-[51] have
investigated the separation of classes and proved that overlapping of classes is a significant
barrier to classify classes correctly, where traditional classifiers usually identify overlapping

points as relating to the major class whereas considering the minor class as noise.
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Figure 1.2: a) Example of data without class overlapping, b) Example of data with class overlapping.
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1.2.2.4 Small disjuncts

It denotes to the few instances of the minor class which have been distributed separately in the
space[52], [53] (as shown in figure 1.3). The study [54] investigated the class imbalanced and
small disjuncts problems and suggested a method based up-sampling to improve classifying the
minority class that caused by small disjuncts. The study in [40] stated that the small disjuncts in
imbalanced class impact the efficiency of the classification due to 1) It challenges the classifier
in the idea of minor class, 2) the appearance of the class problem is unconscious.

J__-‘_—-u..‘_%\ : ....Tc@v

R g T Vo

"D""gi'-%'
@)

Figure 1.3: An example of small disjuncts.

1.2.3 Approaches to Handle Unbalanced Class Classification Problems

To solve the imbalanced classification problems, many methods have been introduced. These
approaches are based on two main strategies: 1) algorithm level, 2) data level [6],[31], [55]-[58].

1.2.3.1 Algorithm Level

At the algorithm level approach, existing classification models are customized to address the
issue of class imbalance between the minor and major classes [59]. In general, the algorithm

level can be characterized as dedicated algorithms, Cost-sensitive, and Ensemble learning [60].



a) Dedicated Algorithms:

In dedicated algorithms method, the classification algorithms are adjusted to suit the need for
learning directly from the unbalanced class distribution. These algorithms can be learned about
the spread of class imbalances prior to the extraction of essential information to improve a
model according to the desired goal [61],[62]. There are many studies in the literature on
improving the classifiers algorithm to handle the imbalanced class, such as improving support
vector machine [63]-[66], improving Decision tree [67] and improving K nearest neighbor [68]—
[71].

b) Cost-Sensitive:

The other algorithm level method is Cost-sensitive which works by defining various weights for
different class cases [5], [72]. This method is built around the assumption that a high cost is
forced on a classifier as misclassification occurs, e.g., a classifier applies higher costs to false
negatives relative to false positives, thereby revealing accurate classification or misclassification
the positive class. Many studies have investigated on the cost-sensitive method to improve
classifying the imbalanced class distribution such as in [73] which introduced a cost-sensitive
deep-confidence network to optimize the misclassification cost in an imbalanced dataset,
[74]suggested combining pattern discovery with the cost-sensitive method, and [75] whose work
designed coast-sensitive matrix with parallel learning framework. However, it is claimed that in
most situations the exact cost is not known even in the situation of balanced distribution
data[76], and the work [77] has shown that cost-sensitive learning can induce the over-fitting

problems in preparation.

c) Ensemble Learning:

Another approach at algorithm level is Ensemble learning, which works by combining a variety
of simple classifiers and then implements some collective strategies to integrate them to improve
the efficiency of classifying imbalanced dataset [21], [78]-[82]. In general, Adaboost, bagging,
voting and random forest are commonly used ensemble learning algorithms. Many studies have
been used ensemble learning to fix the unbalanced class problems such as RUBoost [25] used

boosting to address imbalanced problem, [83] utilized the voting strategy to enhance the



weighted vector thereby optimize the overall classification performance of unbalanced medical
dataset, and [84] used random forest (RF) to assign individual weights to each class rather than a
single weight. Even though, ensemble techniques are often more flexible when compared to
dedicated algorithms and cost-sensitive methods due to their isolation from the base classifier,

but it still difficult for them to properly classify the minority class[85].

1.2.3.2 Data Level

The imbalanced classification problems can also be solved at data level through pre-processing
techniques by changing or modifying the propensity of the class distribution on the data set,
which is simple and efficient for unbalanced classification [1], [2], [86], [87]. The pre-
processing step can be achieved by either sampling methods (using over-sampling or under-

sampling) or feature selection technique to decrease the imbalanced rate of training data[3], [88].

a) Over-Sampling Technique:

Over-sampling technique aims to generate instances for minor class by inserting copies of
existing data from rare class samples [18], [89]-[92]. Many over-sampling techniques have been
used earlier. One of the popular over-sample technigue is Random over-sampling (ROS) which
arbitrarily inserts samples to the minority class. Despite the fact that ROS changes the
distribution of the class, it can raise the problem of over-fitting by creating identical copies of
the minority class which impact the classification procedure [93]. Another traditional over-
sample model is the synthetic minority over-sampling technique (SMOT) [94]. It is employed to
produce artificial instances. Unlike ROS, SMOT avoided an over-fitting issue, but it can induce
overlaps with the surrounding instances which maximize the total size of the training data and
obstruct the training procedure [95], [96]. In general, the problem of the unbalanced class is
reduced with the over-sampling method, but the training data is going to get overcrowded. Thus,

the performance of the classification is affected [97].

b) Under-Sampling Technique:

Under-sampling is another rational method for sampling data that tries to minimize the number

of instances in the major class. The idea of the under-sample approach is how to reduce the
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major class samples in a way that preserves the functional distinction amongst classes
[19],[98],[99]. Various under-sample techniques have been applied and utilized earlier. Random
under-sampling (RUS) is used to balance the distribution of classes by removing instances from
major class randomly. This technique has been criticized in some studies as it may waste
valuable knowledge which can be essential for the classification process [93], [100]-[102].
Another under-sample model is Tomek Link (TL), which utilized to tackle the overlap problems.
It scans for pairs of instances belong to various classes but is the closest neighbor to each other
and excludes the major instance of the pair [103],[104]. One other model is Edited nearest
neighbor (ENN). It is used to eliminate majority class instances depending on the nearest K
neighbor which belongs to the minority instances. If the number of neighbors in each majority
class is larger in the minority class, the majority class instance may be excluded as borderline or
noise [46].

Although several attempts have been made to handle class imbalanced problems by sampling
methods, it should be noticed that all these methods make it possible to sampling to any required
ratio and it is not essential to exactly equal the number of minority and majority classes. Some
studies tried to determine the best sampling ratio for various problem settings [105]-[108].
Another work in [43] reported that there has been no optimum rule to obtain the best

performance with under or over-sampling.

Some studies preferred to under-sample the major class for several reasons; As oversampling
relies on the addition of a new copy of minority class samples already in the data set, it appears
to over-fit of the data and it doesn’t significantly improve minority class recognition[94], [109].
Besides, as the size of the data increase, the under-sampling model will be a better choice than
the over-sampling model [110]. Also, authors in [55] discouraged to use over-sampling because
the down-sampling model provides a fair sensitive value to adjustments in the cost of
distribution and misclassification of classes, while over-sampling demonstrates little sensitivity,

there are often very few variations in results when misclassification cost are adjusted.

In previous studies, the selection of instances was utilized to eliminate the outlier from the

training data, which enable the classifier to achieve better than the initial data [111]-[113].
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Nevertheless, the current models of instance selection have been designed to pick a portion of
the original data set that cannot be utilized directly to pick samples from just one class of the
data-set, like the choice from the majority class samples. The work in [114] presented a one-side
instance selection that would eliminate some instances from the major class whereas preserving
the initial instances relating to the rare class. They characterized the instances relating to the rare

class into four groups: overlap samples, redundant samples, boundary samples and safe samples.

A lot of under-sampling models have currently been documented in the research to enhance the
unbalanced data classification. The study [52] presented an under-sampling model by clustering
the major class into groups of identical data instances and then selecting the unrepresentative
instances from each group. The paper [46] introduced an under-sampling method beginning with
defining the nearest major class neighbors to each rare class and then calculating the number of
correlated of each neighbor from the majority class with the minority class instances. Then, the
desired number of majority class is extracted from the correlated samples. In [115] the
researchers employed the one-side under-sampling method. They suggested a model to reduce
the size of the majority class that would adjust the distribution of the original unbalanced classes
by comparing the similarity of each majority class with the related minority class. The model
effectively separates the majority and minority class samples to improve the identification value
for each class. The study [116], proposed an overlap based under-sampling technique, named
(URNS) to improve the prediction of minor class samples in unbalanced datasets. By iteratively
examining the nearest samples to the majority samples in the overlap area. Then, eliminate these
samples to increase the recognition of rare class samples. The model implemented on real
medical datasets. The proposed URNS have given a good value of f-measure and high sensitive
value to the rare class, which is very needed in the medical area. The results of URUS were
discussed with other state-of-the-arts and gave good solutions. The authors concluded that the
sampling rate does not depend on imbalanced rate but on the amount of overlapping. In [117]
authors proposed an over-sampling method based on Hellinger distance (HD) technique by
generating synthetic instances for the probability outlines of instances with more neighbors in
the same class, in order to balance the dataset classes, so can improve the minority class

accuracy.



c) Feature Selection:

In addition to over/ under-sampling techniques, the selection of features is another pre-
processing technique used recently to solve imbalanced class classification problems [45], and it
is becoming a hot topic although it has a short history. In general, the selection of features is
considered as an essential process for several data mining models, particularly if the data is high-
dimensional. This technique aims to pick up n features from the original data without modifying
the original features that help the classifier to achieve optimum efficiency. The data quality can
be optimized by removing noisy, redundant and irrelevant features by choosing an appropriate
subset of attributes. Moreover, the computing time can be minimized if a subset of attributes is
used rather than all the original one. Since the topic of the imbalanced class is usually
accompanied by the high-dimensionality problem [39], [118]-[120] implementing a feature

selection technique is an essential course to take.

Recently, studies have investigated using feature selection [121]-[123] as a method to handle
the imbalanced data problems. The reason is that feature selection techniques can move the
emphasis to the features that enhance the distinction between classes instead of training
instances [2],[124]. It implies distinguishing what another subset of attributes is more relevant to
the information of the rare class. Comparing to the progress made by sampling techniques,
substantially fewer studies developed feature selection approaches especially to handle the
unbalanced class problems. The study [125] proposed two methodologies for feature selection to
fix imbalanced binary class. The first method separated the major class into comparatively
balance pseudo-subclasses and then evaluate the performance of the feature with the
decomposed data to select a subset of high-quality features. The second method utilized
Hellinger-distance to calculate the variance of an attribute in the instances of various classes.
The research in [126] suggested a density-based feature selection approach to address the
problems of the imbalanced dataset with high dimensions. This approach was calculated based
on the probability distribution of the attributes. It calculated the recognition power of the
attribute within classes based on the distribution of the value of the attribute. The paper [127]
suggested a class-oriented feature selection based on the principle of information entropy. It has
been inspected for a correlated subset of an attribute for each class. The chosen attributes are
more balanced than those achieved by the conventional method. Authors in [39] proposed a new
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feature selection using a correlation metric to tackle the minority class problem in an unbalanced
dataset. In [128] suggested a novel correlation metric called CFS to calculate the importance of a
feature-subset depending on the degree of class correlations. Another research in [7] presented
an attribute selection based on a straight-forward technique to compute the relevance of a feature
depends on the average rate of the minor class. So a classifier is considered to be relevant if the
minor class average rate is alike or equal to two standard deviations of the minor class rate. The
work provides an efficient attribute selection model, named the neighborhood relationship,

which maintains the value for multi-label classification.

In general, attribute selection methods are divided into four categories: filter, wrapper and
embedded methods based on the strategies of search and evaluation measures. The filter
technique is referred to models that used statistical measures to calculate the score of correlation
among the individual attributes and the target class then select the highest attributes which
applied to the predictor. This technique determines the correlation between variables depending
on the intrinsic property of the data without relying on mining algorithms [129]-[131]. The most
utilized filter techniques are Mutual information, Information gain, correlation-based feature
selection, minimum redundancy maximum relevance, and chi-square [132]. The wrapper
technique depends on the efficiency of the data mining algorithms as a criterion for evaluating
good features or instances. In this approach, the predictor is wrapped on a search model for
finding the features which achieve the best efficiency. The advantage of the wrapper method is
to guarantee good results [133]-[135]. The third selection method is embedded. It is more
dynamic than other methods because it embeds the search for the important features as part of
the classifier construction [120], [130], [134], [136]. The work in [8], has experimented a
backward removal method embedded with support vector machine to select specific attributes
which are employed to distinguish amongst classes for an unbalanced dataset. The attribute
selection may affect some classification models for achieving optimal efficiency. Besides, more
meaningful and practical applications can be obtained after irrelevant attributes have been
abandoned [120].
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1.3

AIMS AND OBJECTIVES

This study aims to handle the skewed distribution and overlapping problems in imbalanced

datasets to enhance the classification performance of rare class instances. The major

contributions are listed here:

1-

For the first objective, we present a new under-sampling model, called the Hellinger
Distance Under-Sampling (HDUS), to address the issue of imbalanced class classification
by employing the Hellinger distance to calculate the resemblance among each major class
sample and its neighboring minor class samples, then selects a set of the highest similarity
scores and adds them to obtain a resemblance score to every major sample. Lastly, the
model chooses a set from the major samples with top resemblance scores and integrated
with the original minor class samples. The HDUS model decreases the major class until
rebalancing with the minor class to separate the two classes efficiently and increase the
discrimination power for each class, thereby improving the classification sensitivity for the
rare class which is the class of interest in many applications.

For the second objective, we introduce a hybrid under-sample and feature selection (FS)
technique, named HDUS+FS, to handle both unequal class distribution and overlapping
problems by combining our proposed HDUS model with ANOVA f-test feature selection in
a cascade manner. The Under-sampling model will reduce the majority class, by removing
the redundant majority samples having the highest similarity to rare class samples, to
balance the instance distribution among the majority and minority classes. Feature selection
will reduce the boundaries of the problem by restricting the effect of features which cause
difficulties in the process of discrimination the minority class. The hybrid model will
improve the classification performance for the important minority class.

A set of experiments are conducted on four unbalanced medical data sets using three
classifiers. The performance of our two proposed methods are estimated through a standard
metrics: Balanced accuracy, specificity, recall, precision and F1-Measure. We compared the
HDUS model with a baseline model and three state-of-the-arts under-sampling techniques:
Tomek Link (TL), random under-sampling (RUS) and edited nearest neighbor (ENN). And,
we compared the HDUS+FS model with a baseline model, feature selection alone and the
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combination of the three state-of-the-arts under-sampling techniques with ANOVA+FS:
TL+FS, RUS+FS and ENN+FS.

1.4 THE ORGANIZATION OF THE DISSERTATION

In this dissertation, we propose two models to enhance the classification performance of
minority class samples in an unbalanced data sets. In chapter 2, we present the Preliminaries
about basic classification algorithms, sampling methods and evaluation metrics; In chapter 3, we
introduce the model named Hellinger distance under-sampling to tackle the imbalanced
distribution problem; In chapter 4, we present a model that combine under-sampling and feature
selection to address both unbalanced class and overlaps problems; In chapter 5 exhibit the

conclusion and future work.
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2. PRELIMINARIES: BASIC CLASSIFICATION ALGORITHMS,
SAMPLING METHODS AND EVALUATION METRICS

In the imbalanced dataset, the class with a larger number of instances takes up most of the space.
Unequal class distribution makes the classifier to be inadequately qualified to classify the
smaller class instances, and the class with a larger number of instances overlaps the
identification ability of the class with a smaller number of instances. In this case, the classifier
would favor the majority class instances and scoring false high accuracy.

2.1 STANDARD CLASSIFIERS

In this study, we use three classification models with different characteristics: K Nearest
Neighbor (KNN), Support Vector Machine (SVM) and Decision tree (DT), which are discussed
in this section. The main reason to use these algorithms is to estimate the performance of the

suggested models.

2.1.1 K Nearest Neighbor (KNN)

It is one of the simplest classification algorithms. It detects the unidentified data point using the
previously defined data points depending on the nearest k training points in the
multidimensional data space; each of the k neighbours has a class label and a label of a given
point is specified by the major vote of the class labels of its k nearest neighbour. The successful
choice of k relies on the data, although greater values of k usually minimize the influence of
noise on the classification while making the boundary between classes fewer distinguished
[137]. To identify new element X, the k items that are closest to it are specified. The class that
utmost frequently occurs amongst these neighbouring elements is expected for x. While many

classes meet for the greatest appearance, one of them is picked randomly.

The concept of closest is performed through a proper metric of distance or resemblance
calculation. The closest neighbour to x is the k items having shortest distance or the greatest
resemblance with x. The standard option of distance metric is the Euclidean distance specified as

in equation (2.1)
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n
d_eucld(X,Y) = jz IXi — yi|? 1)
i=1

Where d_eucld is the Euclidean distance among x and y. When | variable minimal, the absolute
value of the difference is not sufficient, since it is clearly not satisfied. In such a case, the term in
summation should replace by (Xi # yi), where it is recalled that the indicator function

corresponds to 1 if the condition satisfied and to 0 otherwise.

To classify of a new element, the value of k is indicated by the user. The distance between the
unclassified point and each of the training class point is measured. The k nearest neighbour is
then selected on the bases of the distance at which the class label of the unclassified point is
defined as a maximum repeat class labels of the k nearest neighbour [138]. The KNN classifier
is adjustable where the user can use various values of k and optionally use various distance
metrics. An example of KNN is presented in figure (2.1), which using the 7-NN rule. The dotted
circle indicates the area that includes the 7 nearest neighbour of the unidentified data points. The
unknown red point is classified for the black class because 5 of the 7 closest neighbours are of

black class and 2 are of white class.
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Figure 2.1: An example of KNN.

In the case of the unbalanced training dataset, instances of the minority class exist rarely in the
data space. The limited relative existence of minority samples may lead the classifier to identify
only a few samples as positives. The majority of its k neighbors will have to relate to the
positive class before the sample itself is categorized as such, since it is more possible that the

area includes a lot of negative items, precisely because they predominate the positive samples in
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the dataset [139],[140]. In the limiting case k=1, an item is wrongly classified when its closest
neighbor relates to the opposite class. Generally, when contemplating the nature of class
skewness and not the specific structure that may occur in a dataset, minority samples are also
more likely to have the closest neighbor belonging to the opposite class, whereas negative
instances are more frequently found in a dataset. Other nearest positive neighbors are not in a

position to balance out the influence of such a negative neighbor.

2.1.2 Support Vector Machine (SVM)

SVM is a binary classifier that depends on the concept of the boundary. It has controlled power
to separate the labels by hyper-plane. For a two-class classification problem, the separating

hyper-plane is defined by the equation (2.2)
u(x)=w.x+»b (2.2)

Where w and b are the model parameters. Many possible hyper-planes could be chosen from
equation (2.2). The main goal of SVM is to maximize the interval from the hyper-plane to the
nearest data points. SVM aims to find an optimum hyper-plane separation that has a maximal
margin. Optimizing the margin interval offers some strengthening so that expected data points

are more precisely classified [141].

Figure 2.2: lllustration of a linearly separable two class problem with SVM. The source code used to
make this figure is adapted from [142].
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An example of linearly separable SVM for binary classification is presented in Figure (2.2). Let
{xivyi}, i=1, 2, 3,...., n, are the input/output cases in of the training dataset. suppose we have
some separating hyper-plane (Hp), a point x that lies on (Hp) needs to satisfy the equation (2.2);
where w is a weight vector that is normal to Hp. Then all observations from the training data

need to fulfill the restrictions in the equations (2.3) and (2.4)
x;pw+b=>+1 if y;=+1, (2.3)
x;.w+ b<-1 if y;=-1, (2.4)
These may be merged into one set of inequality as in equation (2.5)
yi (x;.w+Db) =1, (2.5)
Where i=1,2,....n,
Then the hyper-planes Hpl and Hp2 are defined in equations (2.6) and (2.7), respectively.
x;p.w+b= +1, (2.6)
x;.w+b=-1, (2.7)

So the points on Hpl and Hp2 are the support vectors. Notice that Hpl and Hp2 have similar
normal vector so they are parallel to each other. Also, there should be no training points between
them. Now, from equations (2.6) and (2.7), the distances from the origin to Hpl and Hp2 are
defined in equations (2.8) and (2.9), respectively.

|1 —Db| 28
Tl 28)
[Z1-bl 2.9

Tl (29)

2
[wl|

So, the margin between Hpland Hp2 is . To increase the margin between Hpl and Hp2, |w||

must be decreased. Integrating this with the condition in equation (2.5) we have a problem with

optimization such as in equations (2.10) and (2.11)
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min = [lwlf? (2.10)

yi(x;w+b) =1, (2.11)

Where i=1,2,.....n. Because the norm ||w|| has a square root, that renders optimization hard, we

2
have change ||w/|| with @ . We now have a quadratic program that can be handled out using

Lagrangian multipliers, as indicated by [143], [144]. The Lagrangian for this problem is as in
equation (2.12)

l
1
L=S1wll? = ) e yiCeew + b) -] (2.12)

i=1
However, when the data is intrinsically nonlinear, it is hard to separate data points in the original
input space. Fortunately, there is a simple technique that makes the linear SVM work well with
the non-linear case. The idea relies on the kernel trick, which allows building a separating hyper-
plane that converts data from the original dimension into a high dimensional space where the
training set can be linearly separable[145],[146]. Figure (2.3) shows the linear reparability of
kernel trick.

Figure 2.3: Kernel maps a non-linearly separable data into a high dimension linearly separable problem.

The source code utilized to create this figure is edited from [147].
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To see how the mapping to a high dimension feature space provides linear separation,
considering the example in figure 2.4. The points of red class and black class in figure 4a can
never be divided linearly in the original space R Then after mapping to R®, the two classes are

separated by the XY hyper-plane as presented in figure 4b.

a) InputspaceR? b) feature space R3

Figure 2.4: An example of the kernel trick, a) Input space R2 ,and b) feature space R3.

Various kernel functions are often used in practice such as linear, polynomial, Gaussian and
sigmoid which defined as in the equations (2.13), (2.14), (2.15),and (2.16), respectively:

Linear kernel K(x;, %) = x;.%;, (2.13)
Polynomial kernel K(x, %) = (r +yx;. x;)P (2.14)
Gaussian kernel K(xl-,xj) = exp (—y ||xl- — x]-||2), (2.15)
Sigmoid kernel K(xl-, xj) = tanh(r + yx;. x;) (2.16)

SVM is assumed to be a little sensitive to unbalanced class problems than other classifiers, as
the class borders are determined concerning just a few supporting vectors and the size of class
does not influence the boundary very much. However, many studies have investigated how to
enhance the efficiency of SVM for unbalanced datasets. Research works in [148],[149]
suggested using SVM in combination with SMOT to resolve the imbalanced problem. In [150]
authors have investigated experiments on SVMs with two datasets of different imbalanced ratio.

They found that as the training data become more unbalanced, the rate of support vector among
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the majority and minority classes also became more unbalanced. This is because the classifier

can encounter a lot of major samples near the border.

2.1.3 Decision Tree (DT)

It is a widely used classifier since it has a good performance as opposed to other data mining
algorithms[67]. It contains a variety of simplified decisions to create a tree form as connected
cyclic graph. It is made up of three categories of nodes: root, inner and leaves. The root denotes
a beginning that has no incoming but has outgoing edges. The inner nodes are represented by the
attributes that have only one incoming branch and at least two outgoing branches for each
available attributes. While the leaves are denoted by the class labels. These shapes are expressed

as if-then rules that can be used to identify new samples [151].

In general, a DT model is constructed in two stages: building and pruning. In the building stage,
the decision tree is constructed by iteratively dividing the training dataset based on the optimum
criterion until all or most of data-records relate to each section have the same class label. After
constructing the DT, a pruning stage is done to decrease the size of the tree. The tree which is
too big is prone to over-fitting. To avoid over-fitting, pruning can take place to improve the
power of the DT by pruning the branches of the original tree. The tree pruning method is based
on a failure: starting at the base of the tree and testing each non-leaf sub-tree. If replacing this
sub-tree by leave or by its most widely utilized branch will result in a smaller predicted failure
ratio, then the tree pruned accordingly [40]. While constructing decision trees, the class sample
marked as a leaf is detected by testing the training cases represented by the leaf and selecting the
highest repeated class. In the existence of an imbalanced class, DT will have to run several
checks to recognize minority from majority classes [40]. In some classification models, the
splitting process is ended before finding the branches to predict the minority classes. In other
classification approaches, the branches to predict the minority classes may be trimmed as prone
to over-fitting. A correct way to predict a small number of instances in the minority class is
almost ineffective in minimizing the error rate considerably, comparing to the error rate that
increased by over-fitting. Although pruning is based on the prediction error, there is a strong
likelihood that the branches to predict the minority class will be eliminated and the latest node

will be marked as a majority class [23], [152].
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2.2 UNDER-SAMPLING TECHNIQUE

Under-sampling is a traditional technique used to overcome the class imbalance problem. It tries
to minimize the number of instances in the major class and produce a more balanced class
distribution to help the classifiers differentiate between the minority and majority classes

correctly.

2.2.1 Random Under-Sampling (RUS)

RUS is one of the simplest under-sampling techniques. It can efficiently balance the instances in
various classes and provide a more balanced dataset. In RUS, the majority class instances are
discarded arbitrarily until the optimal balance between classes is reached, thereby speeding up
the training and prediction process. However, a main disadvantage of RUS is that possibly
useful information may be eliminated when instances are selected to be removed and thus

potentially deteriorates the performance of the prediction model [93].

2.2.2 Edited Nearest Neighbor (ENN)

The main philosophy of ENN is to exclude samples of the majority class depending on the
nearest k neighbor belonging to the minority instances. When the number of neighbors
predominant in each majority from minority samples, those occurrences of the majority class is

excluded as overlapping cases [46], [153]. Figure 2.5 presents an example of ENN.
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Figure 2.5: An example of ENN.
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2.2.3 Tomek Link (TL)

TL is a down-sampling model designed by Tomek. It aims to remove the noise and boundary
points from major class samples. TL is known to improve the Nearest neighbor rule by
analyzing pairs of samples belonging to different classes but are the closest neighbor to each

other and removing the major instance of the pair [103], [154]. The algorithm works as follow:

1- (a) is a sample of class 1, (b) is a sample of class 2
2- dis(a, b) is the distance measure between a & b.

3- (a, b)isaTL, if for any sample x, dis(a, b)< dis(a, x) or dis(a, b) < dis(b, x).

If any two samples are TL, then one of these samples is noise, or the two samples exist at the
class boundary. Many studies use TL as a down-sampling technique such as [155]-[157].

2.3 EVALUATION METRICS

Usually, a classifier is evaluated by a confusion matrix containing four output values from
classification process which indicate the True Positives (TP), True Negatives (TN), False
Positives (FP) and False Negatives (FN). TP defined as the number of positive cases accurately
accepted as positives. TN is the number of negative cases accurately assigned as negatives. FP is
the number of negative cases inaccurately recognized as positives, and the FN is the number of
positive cases inaccurately assigned as negative. A confusion matrix for two classes issue is

presented in table (2.1). The positive refers to the minor class, and the negative refers to major

class.
Table 2.1: Confusion matrix for two classes issue [102].
Predicted
Positive Negative
Positive TP(True Positive) FN( False Negative)
True
Negative FP(False Positive) TN(True Negative)
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Accuracy is the commonly used performance measurement in the classification process.
However, it is not an acceptable criterion when assessing the unbalanced class performance,
since the classifier has a significant bias against the dominant class and failed to identify the few
instances of the minor class [102]. For this purpose, more effective measures have been

employed depending on the confusion matrix which explained as follows:

1- Sensitivity or Recall is also indicated as True positive rate (TPR), and it is defined as the
ratio of positive samples classified correctly, that tells how good the technique is in

determining the minority class samples [158].

2- Specificity is also indicated as True negative rate (TNR), and it is defined as the ratio of
negative samples classified correctly, that tells how good the technique is in determining the

majority class samples [158].

3- Precision is also indicated as positive predictive value (PPV), and it is defined as the
probability of the correctly classified positive samples [138].

4- F1-Measure (F1-M) which combines TPR and PPV, it is a harmonic mean between them. It
reveals the discrimination capability of a classifier in the minority class. As a result, F1-M
provides more understanding of the functionality of a classifier than the accuracy
measure[151].

5- Balanced-ACcuracy (B-AC) [159]. The Balanced accuracy is the arithmetic average of TPR
and TNR.

Unlike accuracy, both TPR and PPV are less sensitive to changes in data distributions. As an
estimation of the accuracy for the positive class, PPV is somewhat sensitive to data distributions,
while TPR is not. TPR does not offer much insight into how many instances are wrongly
classified as positive. Similarly, PPV does not tell us how many positive instances are wrongly
classified. However, if used correctly, PPV and TPR can efficiently assess performance in
unbalanced class classification. The aforementioned metrics are given below by equations
(2.17), (2.18), (2.19), (2.20) and (2.21):
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3. HELLINGER DISTANCE UNDER-SAMPLING MODEL (HDUS)

This chapter aims to provide a technique that addresses the problem of the unbalanced class
distribution that effects on classification efficiency of minor class instances. We proposed an
under-sampling model that extracts samples from the majority class, whereas the minority class
data would remain unchanged. It depends on the idea that it is best to maintain the samples of
the minority class as actual as they are, in such a manner that no larger or smaller amount of
samples is trained on them. The classifier would then be supplied with an accurate identification
ability for the instances of the original minor class. The choice of instances in Under-sampling
method relies on how to pick the major class samples in a method to maintain the compatibility
amongst classes. For this reason, we used the Hellinger Distance metric to select samples from

the majority class depending on their distance with the minority class samples.

3.1 HELLINGER DISTANCE (HD)

HD is an asymmetric and non-negative metric for measuring how far apart the two discrete
distributions lying in the space of probability distributions mutual to them[160], [161]. It is,
presented by Ernst Hellinger in 1909, derived from the Bhattacharyya coefficient [162].

Recently, HD has gained a lot of interest in the data mining field to identify fails in the
performance of a classifier due to changes in the data distribution. It has presented very
successful calculation in identifying match points in classifier due to changes in class probability
[163]. Let a and b are probability functions which are continuous regarding to a third probability

function x. HD between a and b can be defined in terms of integral as in equation (3.1):

2
HD by = 1 da db 2
(@b) =7 | &[5 (3.1)

Here, Z—; and Z—i are two probability density functions. In machine learning, we generally equate

the conditional probabilities resulting from countable data numbers instead of continued
function. The available data can be identified in terms of a finite set of classes and attributes

(which represent as (y/x), where y refers to a majority(j) or minority(n) class, and x refers to
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attributes. As we are concerned in assessing on a discrete instead of a continual space, we might
transform the integral into summation as in equation (3.2) to sum all values and reformulate the

context of the aforementioned equation to be as in equation (3.2)

HD (j,n) = % \/Z(\/j/xi —\/n/xi)z (3.2)

Equation 3.2 represents the distance between classes along with the set of features. The % in the

equation is for guaranteeing that HD (j, n) < 1 with all distributions so that it bounds values in
between 0 and 1. Hellinger distance can be utilized to calculate the degree of resemblance
between two probability distributions; if the distance is 0, the two distributions are the same, and
if the distance is 1, they are the furthest. However, there are several criteria to be considered
[164]:

1
2- Non-negative condition: HD (j,n) >=0

Symmetric property: HD (j,n) = HD (n,j)

3- Identity property: HD(j, n) =0 if and only if j=n

4

Triangular inequality

In addition to these criteria, previous studies revealed that the advantages of employing HD are:
the measure depends only on the attributes of the concerned instances, which is not altered when
an extended set of attributes is considered. And, the measure doesn’t rely on the size of the
instance on which the attributes are evaluated [165]. More than that, in [166]-[169] proved that
Hellinger distance is robust in the existence of an intensive skewed class distribution since an
excess of one class instances would only help to put the distribution of the instance nearer to the
actual distribution. In this case, if a feature is a strong class identifier, it will not be influenced
by the unbalanced class ratio due to its isometric contours. Accordingly, the aforementioned

properties are the motivation to use HD in our suggested model.

3.2 THE PROPOSED HELLINGER DISTANCE UNDER-SAMPLING MODEL (HDUS)

In this study, we proposed (HDUS) to address the problem of imbalance class classification. It

manipulates samples of the major class while leaving the samples of the minor class without
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change. The model employs Hellinger metric to measure the resemblance value between the
majority and minority instances, and select a number of majority instances with the highest
resemblance values until balanced with the number of the minor instances. Then, the original
minority class instances will combine with the selected instances of the majority class; which
consider to be consistent with the minority instances, to produce a balanced training dataset that
give the purist identification of the minor class. Thus, HDUS works to reduce the number of
majority class samples, with the goal of enhancing the predictive efficiency of the minor class,
which is the class of the greatest interest in most real word datasets. Table 3.1, presents the
HDUS Pseudo code algorithm.

Table 3.1: The HDUS pseudo code algorithm.

Input: Imbalanced Training dataset (ITrD)
Output: Balanced Training dataset (BTrD)
1 Group the ITrD according to the classes
2 C1=ITrD (classl) // C1 indicates the minor class which contains less number of instances
3 C2=ITrD (class2) // C2 indicates the major class which contains more number of instances

4 Foriinrows of (C2)

5 For j in rows of (C1)

6 Sim;; = calculate the similarity between C2(i) and C1(j) using Hellinger Distance

7 append Sim;; To HD(i)

8 Next j

9 select m top values from HD (i ) // where m is a given number of neighbouring minority
class

10 HDgym(i)= sum the selected m top values

11 Nexti

12 C2HD-=select w majority class instances according to the highest similarity value in HDg(i),
// where w is a given number

13 return (BTrD= C2HD +C1)

27




3.3 DATASETS

In this study, four unbalanced medical datasets were used to estimate the performance of the
(HDUS) model. The number of features, instances, majority instances, minority instances and
the minority percentage (MP) of the instances are provided with each dataset. The datasets are

summarized below.

3.3.1 Colorectal Cancer Dataset (CRCD)

The CRCD comes from the University Hospital of Southampton, which was used with the
permission of the authorized surgeon (co-author), and all data are nameless. The details relates
to patients with primary tumour at twelve colorectal (CRC) positions, who are undergo tumour
resection operation. The data contain 1005 cases, each case represent a single patient with
fourteen attributes, along with a class label. The 1005 cases consist 760 patients with primary
colorectal tumour; represent the major instances, and 245 patients with primary colorectal
tumour spreading to other part of the body named as CRC metastasis; represent the minor
instances. The percentage of the minority instances is 24% of the data. Table 3.1 displays the
attributes of CRCD.

3.3.2 PIMA Dataset (PIMAD)

This dataset has been obtained from the UCI repository [170]. It consists of 9 attributes, along
with the class attribute. The class attribute specifies if the patient having or not having diabetes.
This data consists of 768 cases, where 268 with diabetes (represent a minor instances) and 500
with no diabetes (represent a major instances). The minority percentage is (34%). Table 3.2
displays the attributes of PIMAD.

3.3.3 Thoracic Surgery Dataset (THSD)

This dataset has been obtained from the UCI [170]. It is for patients with primary lung tumour
who then undergo tumour resection surgery. The data has 17 attributes, along with the class

attribute. The data consists of 470 cases, with 70 are for patients died through the first year after
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operation (represent the minor instances) and 400 are alive (represent the major instances). The

minority percentage is (14%). Table 3.3 displays the attributes of THSD.

3.3.4 Breast Cancer dataset (BCD)

This dataset has been obtained from the UCI [170]. It consists of ten attributes, along with the
class attribute. The class attribute specifies if the breast tumour returned or not. This data consist
286 cases, 85 represent the minor class and 201 represent the major class. The minority

percentage is (29%). Table 3.4 displays the attributes of BCD.

Table 3.2: The attributes of CRCD.

No. Attribute Name Data type
1- Tumour site (in colorectal) Categorical
2- Surgery Type Categorical
3- Operation Type Categorical

(on which part of colorectal the operation has done)
4- Differentiation Categorical
5- Dukes Stage of tumour Categorical
6- T stage 5th edition Categorical
7- N stage 5th edition Categorical
8- EMVI Categorical
9- Tumour Perforation Categorical

10- Resection Margin Categorical
11- Neoadjuvant therapy n-CRT Categorical
12- Chemotherapy Categorical
13- Radiotherapy Categorical
14- CRC Metastasis (class) Categorical

Table 3.3: The attributes of PIMAD.

No. Attribute Name Data type
1- Number of times pregnant Numeric
2- Plasma glucose concentration Numeric
3- Diastolic blood pressure Numeric
4- Triceps skinfold thickness Numeric
5- Amount of insulin Numeric
6- Body mass index Numeric
7- Diabetes pedigree function Numeric
8- Age Numeric
9- Class Categorical
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Table 3.4: The attributes of THSD.

No. Attribute Name Data type
1- Diagnosis Categorical
2- Forced vital capacity Numeric
3- A volume that has been exhalgd at the end of the first of forced Numeric

expiration

4- Performance status Categorical
5- Pain before surgery Categorical
6- Hemoptysis before surgery Categorical
7- Dyspnoea before surgery Categorical
8- Cough before surgery Categorical
9- Weakness before surgery Categorical
10- Size of the original tumour Categorical
11- Type 2 diabetes mellitus Categorical
12- Myocardial Infarction up to six months Categorical
13- Peripheral arterial diseases Categorical
14- Smoking Categorical
15- Asthma Categorical
16- Age at surgery Numeric
17- One year survival period(class) Categorical

Table 3.5: The attributes of BCD.

No. Attribute Name Data type
1- tumor size Categorical
2- Inv nodes Categorical
3- Node caps Categorical
4- menopause Categorical
5- deg malig Categorical
6- Breast side Categorical
7- breast quad Categorical
8- irradiat Categorical
9- Age Categorical
10- Class (recurrence/ no-recurrence) Categorical
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3.4 FINDINGS AND RESULTS

To assess the performance of the suggested HDUS method, we employed four unbalanced
medical datasets, named CRCD, PIMAD, THSD and BCD, using three different classifiers,
included KNN, DT and SVM. We have compared the results of HDUS with a baseline model
(not use any sampling model) and with state-of-arts under-sampling techniques (ENN, TL and
RUS).

For all experiments in our study, the datasets are divided to 75% for training and 25% for
testing. Then a 5-fold-cross-validation is used as an evaluation criterion, to confirm an accurate
assessment of the methods. All the experiments were performed through a code written in
Python programming language, which provides all the necessary functions. The findings of the
data sets(CRCD, PIMAD, THSD and BCD ) are displayed in tables 3.1, 3.2, 3.3 and 3.4, by
using B-AC, recall, precision, specificity and F1-M.

As seen in tables 3.1-3.4, the 1% column shows that there is an unbalanced classification problem
in all data sets. This provides a poor sensitivity rating for predicting the rare class; ranging from
7.9 per cent in THSD, to 39.78 per cent in PIMAD, whereas assigning high specificity ratings

for predicting the majority class samples.

The second, third and fourth columns of the tables present the results of the state-of-arts under-
sampling models: TL, RUS and ENN respectively. They show the enhancement obtained by
utilizing these models, as stated by the sensitivities, which represent the capability of these
methods to predict the minority class (the class of importance). Although the TL achieved lower
performance in all data sets, it is higher than the baseline excepting for the THSD, which did

less than others.

An additional enhancement is obtained in the fifth column by the suggested HDUS model,
which shown in the metrics recall, F1-Measure and balanced accuracy. This stated that the
efficiency of HDUS shows considerable improvement over the compared models. HDUS
resulted in the top rating of sensitivity for the data sets(referring to the highest ability to identify
the rare class). It ranks more than 80 per cent in both the CRCD and the PIMAD, nearly 70 per
cent in BCD and nearly 60 per cent in THSD. It also results in the best F1-M and B-AC rate.
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Table 3.6: The results for CRCD by three classifiers and five models.

CRCD baseline TL RUS ENN HDUS
Sensitivity % 29.4 37.2 62.7 62.7 80.3
Specificity % 85.3 75.3 60 60.3 50.2
KNN Precision % 44.1 37.2 38.1 38.5 33.9
F1-M % 35.2 37.2 47.4 47.7 47.6
B-AC % 57.4 56.3 61.3 61.5 65.2
Sensitivity % 5.8 294 62.7 47.1 76.4
Specificity % 92.3 82.3 54.6 70.7 55.8
SVM Precision % 23.0 39.4 35.1 38.7 354
F1-M % 9.3 33.7 45.0 42.4 48.3
B-AC % 49.1 55.8 58.6 58.9 66.1
Sensitivity % 35.2 45.1 62.7 66.6 81.0
Specificity % 68.4 59.2 46.9 43.8 56.9
DT Precision % 30.5 30.2 31.6 31.7 39.9
F1-M % 32.7 36.2 42.1 43.04 53.4
B-AC % 51.8 52.1 54.8 55.2 68.9
Sensitivity % 23.5 37.2 62.7 58.8 79.2
AVG Specificity % 82.1 72.3 53.8 58.3 54.3
Precision % 32.5 35.6 34.9 36.3 36.4
F1-M % 27.3 36.4 44.9 44.9 49.8
B-AC % 52.7 54.7 58.3 58.5 66.7
Table 3.7: The results of PIMAD by three classifiers and five models.
PIMAD baseline TL RUS ENN HDUS
Sensitivity % 60.1 64.5 70.7 70.5 83.8
Specificity % 83.8 80 73.8 74.9 62.5
KNN Precision % 63.2 56.6 56.4 56.4 50.3
F1-M % 61.5 60.3 62.7 62.7 62.9
B-AC % 70.9 72.2 72.4 72.7 73.2
Sensitivity % 0 66.1 74.4 74 79.03
SUM Specificity % 100 83.8 73.8 76.9 715
Precision % 0 58.1 58.5 58.04 57.0
F1-M % 0 61.8 65.5 65.06 66.2
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B-AC % 50 74.9 74.6 75.8 75.2
Sensitivity % 61.2 69.3 70.9 70.9 91.9
Specificity % 79.2 66.9 58.4 68.4 66.7
DT Precision % 58.4 50 449 50.7 56.9
F1-M % 59.8 58.1 55 59.2 70.3
B-AC % 70.2 68.1 64.7 69.7 79.3
Sensitivity % 39.7 66.6 72.1 71.8 84.9
Specificity % 87.6 76.9 68.7 734 66.9
AVG Precision % 40.5 54.9 53.2 54.1 54.7
F1-M % 40.1 60.2 61.2 61.7 66.5
B-AC % 63.7 71.8 70.5 72.7 75.9
Table 3.8: The results for THSD by three classifiers and five models.
THSD baseline TL RUS ENN HDUS
Sensitivity % 0.0 0.0 42.8 4.7 23.8
Specificity % 100.0 98.9 60.8 91.7 75.2
KNN Precision % 0.00 0.0 19.1 11.1 19.2
F1-M % 0.00 0.0 26.4 6.6 21.2
B-AC % 50.0 49.4 51.8 48.2 49.5
Sensitivity % 0.0 0.0 66.6 4.7 71.4
Specificity % 100.0 100.0 47.4 91.7 44.2
SVM Precision % 0.0 0.0 215 11.1 21.1
F1-M % 0.0 0.0 325 6.6 32.6
B-AC % 50.0 50.0 57.04 48.2 57.8
Sensitivity % 23.8 14.2 42.8 38.1 80.9
Specificity % 87.6 91.7 48.4 81.4 40.0
DT Precision % 29.4 27.2 15.2 30.7 25.9
F1-M % 26.3 18.7 225 34.0 39.3
B-AC % 55.7 53.0 45.6 59.7 60.4
Sensitivity % 7.9 4.7 50.7 15.8 58.7
Specificity % 95.8 96.9 52.2 88.3 53.1
AVG Precision % 9.8 9.1 18.6 17.6 22.1
F1-M % 8.7 6.2 27.1 15.7 31.0
B-AC % 51.9 50.8 51.5 52.0 55.9
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Table 3.9: The results for BCD by three classifiers and five models.

BCD baseline TL RUS ENN HDUS
Sensitivity % 33.3 44.4 57.1 50 61.1
Specificity % 84.9 70.3 65.8 70.3 735
KNN Precision % 42.8 40 40.7 42.8 44.0
F1-M % 375 42.1 47.5 46.1 51.2
B-AC % 59.1 57.4 61.4 60.1 67.3
Sensitivity % 22.2 38.8 66.6 44.4 66.6
Specificity % 94.3 88.6 64.1 83.0 69.8
SVM Precision % 57.1 53.8 38.7 47.0 42.8
F1-M % 32 45.2 48.9 45.7 52.1
B-AC % 58.2 63.7 65.4 63.7 68.2
Sensitivity % 38.8 38.8 44.4 44.4 77.7
Specificity % 66.04 64.1 62.2 69.8 66.0
DT Precision % 28 26.9 28.5 33.3 43.7
F1-M % 325 318 34.7 38.1 56.0
B-AC % 52.4 515 53.3 57.1 71.9
Sensitivity % 31.4 40.7 56.1 46.2 68.5
Specificity % 81.7 74.4 64.1 74.4 69.8
AVG Precision % 42.6 40.2 36.0 41.1 435
F1-M % 36.2 40.5 43.8 43.5 53.1
B-AC % 56.6 575 60.1 60.3 69.1

3.5 DISCUSSION

This section discusses the proposed HDUS model, addresses the imbalanced class distribution
by employing the Hellinger distance similarity measure to enhance the predictive efficiency of

the rare class instances.

It is important to handle the class inequality problem by using a suitable approaches, as we can
see from the following observations. As presented in the results section, the baseline model

displays a high TNR for predicting majority class cases, but a low TPR for predicting rare class
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cases, which is a class of importance in an unbalanced data sets. Using traditional down-
sampling methods demonstrates good development, mostly by RUS. Nevertheless, using RUS
tends not to have been efficient, as it excludes significant cases at random and may even induce
over-fitting due to the spread of scars cases with no limitation. More than that, the results by
ENN are worse than that by RUS, excepting for that in PIMAD, and TL worst in the study. On
the other hand, HDUS is shown to exceed all models in the study due to the powerful measuring
of Hellinger distance, that has a skew intensive feature help to not influence by the class
inequality. To clarify the comparison between the various under-sampling models used in this
chapter and to estimate their effectiveness, figure 3.1, 3.2 and 3.3 offer a graphical
demonstration of the rate for (recall, F1-Measure and B-AC) resulting from five methods used in
four unbalanced medical data sets. The graphics show that results differs when various under-
sampling methods are used. Figure 3.1 shows that HDUS has advanced dramatically in
estimating the sensitivity of minor class instances in all data sets. A similar situation can be seen
in figure 3.2 for F1-Measure, that defines the trade-offs among sensitivity and precision, also

figure 3.3 for Balanced accuracy, that defines the trade-offs among specificity and sensitivity.

Concerning the classification methods, it should be noted that the advantage of performing
classification rises as the unbalanced class problem is properly tackled. In this chapter, various
classifiers can improve identifying rare class when using HDUS. Particularly, Decision Tree
shows the highest result with HDUS. It also achieved good outcomes with ENN and TL, while
support vector machine more suitable with RUS model. Table 3.5 shows a performance of the
used classification algorithms with under-sampling models, and four data sets have increased the
predictability of the minority class samples by the metrics recall, F1-M and B-AC. Lastly, the
findings of HDUS model can be regarded as an introductory study but an encouraging
methodology for under-sampling the unbalanced data sets to increase the classification

efficiency of minority class cases.

35



Rate of Sensitivity

90
80
70
60  baseline
50 mTL
40 m RUS
30 HENN
m HDUS

20
10

0

CRCD PIMAD THSD BCD
Figure 3.1: A rate of sensitivity for five methods with four unbalanced medical datasets.
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Figure 3.2: A rate of F1-Measure for five methods with four unbalanced medical datasets.
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Figure 3.3: A rate of balanced accuracy for five methods with four unbalanced medical datasets.

Table 3.10: A mean rate for three classification algorithms with five methods on four unbalanced

medical datasets.

baseline TL RUS ENN HDUS
KNN Sensitivity % 30.7 36.5 58.3 47.0 62.2
Specificity % 88.5 81.1 65.1 74.3 65.3
Precision % 37.5 334 38.6 37.2 36.8
F1-M % 33.5 34.9 46.0 40.8 45.7
B-AC % 59.3 58.8 61.7 60.6 63.8
SVM Sensitivity % 7.03 33.6 67.6 42.5 73.3
Specificity % 96.6 88.7 60.0 80.6 60.3
Precision % 20.0 37.8 384 38.7 39.1
F1-M % 10.3 35.1 48.0 39.9 49.8
B-AC % 51.8 61.1 63.9 61.6 66.8
DT Sensitivity % 39.8 41.9 55.2 55.0 82.9
Specificity % 75.3 70.5 54.0 65.8 57.4
Precision % 36.6 33.6 30.1 36.6 41.6
F1-M % 37.8 36.2 38.6 435 54.7
B-AC % 57.5 56.2 54.6 60.4 70.1
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4. AHYBRID UNDER-SAMPLING AND FEATURE SELECTION
MODEL

In the unbalanced class classification, the unequal class distribution and overlapping are
detrimental problems that affect to obtain a correct prediction of the minority class [6],[171].
The unequal class distribution problem is referred to as the situation where the number of
samples of the major class differs from the number of samples of the minor class. The
overlapping problem is referred to the situation when samples of the majority and minority
classes are distributed around heterogeneous area, and the features that associate with an
overlapping border region are ignored [172], [173]. However, it is documented that a large
number of attributes may weaken the detection of the boundary line between classes because
either any of these features may be redundant or they do not have a strong correlation between
them. Figure 4.1 shows an example for classification (a) unequal class distribution, (b) class
overlap problem, and (c) both unequal class distribution and overlapping problems. The shaded
area denotes to an overlapping problem. The solid lines and the dashed lines display the

distributions for each class.
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Figure 4.1: Example for classification (a) Unequal class distribution, (b) Class overlapping problem, and

(c) Unequal class distribution and overlapping problems.
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The study [2] found that borderline identification is better after elimination of noise features.
Therefore, using feature selection can optimize the contrast between classes and reduce the
impact of an overlapping problem[8]. But, the conventional feature selection models may not
work well in an unbalanced dataset and the features may be affected by the instances of the
major class thereby influence the predicting of rare class which we usually pay more attention
[125]. Therefore, using feature selection alone may not address the overlapping issue, and it is
important to conduct the resampling on training data instances before applying feature selection
to avoid the bias of the classifiers against the majority class. In this chapter, we aim to provide a
technique that addresses the problems of classifying caused by both the unequal class

distribution and overlapping, to improve the performance of minority class samples.

Our contribution in this chapter is to introduce a method that develops the classification of rare
class in the context of unbalanced data by combining both under-sampling and feature selection
techniques. The object of Under-sampling technique is to balance the distribution of instances
among the majority and minority classes to eliminate the noise and border instances that hinder
the ability to classify imbalanced data. Using selecting features technique can reduce the borders
of the problem by restricting the effect of those features which cause difficulties in
discriminating the minority class. The proposed model use Hellinger Distance under-sampling
model [174], building in chapter 3 to choose instances from the major class having highest
similarity with the minor class instances, the result then processes with ANOVA f-test to select

the relevant features which then evaluated by classification algorithms.

4.1 ANALYSIS OF VARIANCE (ANOVA) F-TEST FEATURE SELECTION

ANOVA f-test is a type of statistical measure used to analyze data for which reaction attributes
are evaluated within different conditions defined by classification attributes. The standard aim of
ANOVA is comparing the mean of reacting attributes with different combinations of
classification attributes. ANOVA was utilized to determine if the attribute indicates a substantial
variation between two or more classes [175]-[178]. The statistic for ANOVA is named f-test,

that can be performed by the below equations[179]:

1- A variance among the classes is measured as in equation 4.1:

39



k
Variance among classes = z ni(YM; —YM)?/(k — 1) (4.1)

i=1
Where in equation 4.1, ni is the observation in ith class, YMi is the sample mean in the ith

class, YM is the average of the data and k is classes.

2- The variance within the classes is measured as in equation 4.2:

k ni

Variance within the class = Z z (Y;; —YM;)?*/(N = k) (4.2)

i=1j=1

Where in equation 4.2, Yij is the jth observation in the ith out of k class, YMi is the sample
mean in the ith class, N is the overall sample size and k is classes.

3- ANOVA f-test is measured as in equation 4.3 :

variance among classes 4.3)

— test =
f variance within the class

4.2 THE PROPOSED HDUS FEATURE SELECTION (HDUS+FS)MODEL

In this chapter, our contribution is to introduce a method that combines HDUS model and
ANOVA feature selection in a cascade manner to identify the appropriate subset of instances
and features which improve classifying the minority class in the context of an unbalanced data
sets. The HDUS works to balance the instance distribution among the majority and minority
classes by removing the instances from the major class that hinder the discrimination between
classes. Then, the ANOVA f-test will select the most relevant features to reduce the boundaries
of the problem by restricting the effect of those features, which cause difficulties in determining

minority samples.

The proposed model implemented in three stages before the classification process. Below is a
brief description about the proposed model.
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Let D[N, M] is a training dataset; N is a number of rows (instances) and M is a number of
columns (features). Each row and column in a dataset is considered as one vector. Our method

procedure is as follows:

1- Split the data to groups according to number of classes. In our datasets, we have two groups
of classes. Classl denotes to the minor class rows, and class2 denotes to the major class
rows.

2- HDUS model employs Hellinger distance metric to find the similarity value between the
majority instances that are considered to be consistent with minority instances, and select a
number of majority instances with the highest similarity values until balanced with the
number of the minority instances. Then, forward them to feed the next step. The obtained
data get rid of the redundant instances but have the same structure as the original (M)
features.

3- The compressed data from previous stage is fed to ANOVA f-test to measure the weight of
each feature with respect to target class feature and choose the features with highest f-test
value which have strong correlation to class feature, thereby creating a new subset selected

from M features while maintaining the important information as much as possible.

4.3 EXPERIMENTAL RESULTS

To investigate the performance of the HDUS-FS model, we performed experiments on four
unbalanced medical data sets (CRCD, PIMAD, THSD and BCD). The main information of these
datasets is summarized in section (3.3). We used three classification algorithms: DT, SVM and
KNN, to obtain the performance measure over these datasets in terms of, sensitivity, specificity,
precision, F1-M and B-AC. These metrics described in section (2.3).

The current experimental setup trains the classifiers at 75% data and considers the rest for
testing. Then a 5-fold-cross-validation is used as an evaluation criterion, to confirm an accurate
assessment of the methods. All the experiments were performed through a code written in
Python programming language, which provides all the necessary functions. We compared
HDUS+FS method against the baseline model (with original data), the model of ANOVA
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feature selection alone and the models that combined three state-of-arts, under-sampling models,
with ANOVA feature selection; TL+FS, ENN+FS and RUS+FS.

The results are shown in tables 4.1, 4.2, 4.3, and 4.4. As presented in the first column of the four
tables (the baseline model), the sensitivity rate for classifying the minor class is quite low; it
ranges from 7.9% in THSD, which is the most unbalanced datasets having MP= 14%, to 41.4%
in PIMAD, which is moderately unbalanced having MP= 34%, where the baseline classifier

specifies all the cases to the major class.

When examining the second column (FS-alone), the ANOVA feature selection model, we can
notice that the obtained outcomes are very close to the results of the first column with all initial
features over most classifiers, with a little improvement in PIMAD and BCD, as expressed in
term of sensitivity, F1-M and B-AC.

Furthermore, the third, fourth and fifth columns display the result of state-of-arts under-
sampling methods combined with ANOVA feature selection; TL+FS, RUS+FS and ENN+FS.
Comparing these hybrid models with the model of feature selection alone, we can notice an
enhancement in sensitivity made by using these models, except in TL+FS score lower sensitivity
than FS-alone in both THSD and BCD.

More enhancement is accomplished in the sixth column of all tables by HDUS+FS model over
the baseline, FS-alone and the three hybrid state-of-arts-under-sampling with FS models. The
proposed model results in the highest average rate of sensitivity, F1-M and B-AC for CRCD,
THSD and BCD datasets, except for PIMAD, where ENN+FS exceeded the proposed model by
just 2%.

Accordingly, the above observations show that the hybrid under-sampling and feature selection
models, which simultaneously solve both imbalanced and overlapping problems, are generally
better than utilizing FS-alone, particularly when the Minority Percentage is very low. These
observations refer to the highest ability of the hybrid under-sampling and feature selection to

identify the rare class, which is the class of interest in many datasets.
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Table 4.1: Results for CRCD using three classifiers and six methods including the baseline, FS-alone,

and hybrid under-sampling with FS models

CRCD baseline FS-alone TL+FS RUS+FS ENN+FS | HDUS+FS
Sensitivity % 29.4 23.5 41.1 52.9 70.5 88.3
Specificity % 85.3 85.3 69.2 66.1 56.1 55.8

KNN Precision % 44.1 38.7 34.4 38.0 38.7 35.9
F1-M % 35.2 29.2 37.5 44.2 50.0 49.7

B-AC % 57.4 54.4 55.2 59.5 63.3 66.1

Sensitivity % 5.8 9.8 23.5 76.4 74.5 76.4
Specificity % 92.3 93.1 80.0 55.3 49.2 43.8

SVM Precision % 23.1 35.7 31.5 40.2 36.5 34.8
F1-M % 9.3 15.3 26.9 52.7 49.0 47.8

B-AC % 49.1 51.4 51.7 65.9 61.8 60.1

Sensitivity % 37.2 33.3 56.8 68.6 68.6 82.3
Specificity % 73.1 66.9 59.2 48.4 46.9 50.7

DT Precision % 35.1 28.3 35.3 34.3 33.6 39.6
F1-M % 36.1 30.6 43.6 45.7 45.1 535

B-AC % 55.1 50.1 58.1 58.5 57.7 66.5

Sensitivity % 24.1 22.2 40.5 66.0 71.2 82.4
Specificity % 83.5 81.7 69.4 56.6 50.7 50.1

AVG Precision % 34.1 34.2 33.7 37.5 36.3 36.8
F1-M % 26.9 25.1 36.0 47.5 48.1 50.3

B-AC % 53.8 52.0 55.0 61.3 61.0 66.2

Table 4.2: Results for PIMAD using three classifiers and six methods including the baseline, FS-alone,

and hybrid under-sampling with FS models.

PIMAD baseline FS-alone TL+FS RUS+FS | ENN+FS | HDUS+FS
Sensitivity % 58.1 51.6 74.1 77.4 88.7 80.1
Specificity % 83.8 81.5 80.7 72.3 70.7 60.7
KNN Precision % 63.1 57.1 64.7 57.1 59.1 52.6
F1-M % 60.5 54.2 69.1 65.7 70.9 63.5
B-AC % 70.9 66.5 77.4 74.8 79.7 70.4
Sensitivity % 0.0 32.2 62.9 77.4 83.8 88.7
Specificity % 100.0 93.8 86.9 78.4 75.3 72.3
SVM Precision % 0.0 71.4 69.6 63.1 61.9 51.2
F1-M % 0.0 44.4 66.1 69.5 71.2 64.9
B-AC % 50.0 63.1 74.9 77.9 79.6 80.5
Sensitivity % 66.1 53.2 67.7 64.5 74.1 72.5
DT Specificity % 78.4 80.0 71.5 65.3 64.6 58.4
Precision % 59.4 55.9 53.1 47.1 50.0 45.4
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F1-M % 62.6 54.5 59.5 54.4 59.7 55.9

B-AC % 72.3 66.6 69.6 64.9 69.4 65.5

Sensitivity % 41.4 45.7 68.2 73.1 82.2 80.4

Specificity % 87.4 85.1 79.7 72.1 70.2 64.5

AVG Precision % 40.8 61.5 62.5 55.7 57.0 49.7
F1-M % 41.0 51.1 64.9 63.2 67.3 61.4

B-AC % 64.4 65.4 74.0 72.5 76.2 72.1

Table 4.3: Results for THSD using three classifiers and six methods including the baseline, FS-alone,
and hybrid under-sampling with FS models.

THSD baseline FS-alone TL+FS RUS+FS | ENN+FS | HDUS+FS
Sensitivity % 0.0 4.7 4.7 38.1 4.7 57.1
Specificity % 100.0 97.9 98.9 73.2 90.7 55.3

KNN Precision % 0.0 33.3 50.0 23.5 10.0 18.4

F1-M % 0.0 8.3 8.7 29.1 6.4 27.9

B-AC % 50.0 51.3 51.8 55.6 47.7 56.2

Sensitivity % 0.0 0.0 0.0 66.6 0.0 76.1
Specificity % 100.0 100.0 100.0 55.6 100.0 46.2

SVM Precision % 0.0 0.0 0.0 24.5 0.0 22.0
F1-M % 0.0 0.0 0.0 35.9 0.0 34.1

B-AC % 50.0 50.0 50.0 61.1 50.0 61.2

Sensitivity % 23.8 14.2 14.2 52.3 38.1 66.1
Specificity % 88.6 91.7 88.6 61.8 79.3 53.6

DT Precision % 31.2 27.2 21.4 22.9 28.5 25.1
F1-M % 27.0 18.7 17.1 31.8 32.6 36.3

B-AC % 56.2 53.0 51.4 57.1 58.7 59.8

Sensitivity % 7.9 7.3 6.3 52.3 14.2 66.4
Specificity % 96.2 96.5 95.8 63.5 90.1 51.7

AVG Precision % 10.4 20.2 23.8 23.6 12.8 21.8
F1-M % 9.0 9.0 8.6 32.2 13.0 32.8

B-AC % 52.0 52.2 51.1 57.9 52.1 59.1

Table 4.4: Results for BCD using three classifiers and six methods including the baseline, FS-alone, and

hybrid under-sampling with FS models.

BCD baseline FS-alone TL+FS RUS+FS ENN+FS | HDUS+FS
Sensitivity % 33.3 55.5 50.0 66.6 77.7 88.8
Specificity % 84.9 69.8 81.1 60.3 54,7 49.1

KNN Precision % 42.8 38.4 47.3 36.3 36.8 36.0

F1-M % 37.5 454 48.6 47.1 50.0 51.2
B-AC % 59.1 62.6 65.5 63.5 66.2 68.9
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Sensitivity % 22.2 44.4 50.0 66.6 72.2 66.6
Specificity % 94.3 90.5 86.7 67.9 62.2 67.3

SVM Precision % 57.1 61.5 56.2 41.3 39.3 40.3
F1-M % 32.0 51.6 52.9 51.1 50.9 50.2

B-AC % 58.2 67.5 68.4 67.3 67.2 67.0

Sensitivity % 38.8 55.5 38.8 66.6 61.1 66.6
Specificity % 66.0 79.2 86.7 60.3 66.0 67.9

DT Precision % 28.0 47.6 50.0 36.3 37.9 41.3
F1-M % 32.5 51.2 43.7 47.1 46.8 51.1

B-AC % 52.4 67.4 62.8 63.5 63.5 67.3

Sensitivity % 31.4 51.8 46.3 66.6 70.3 74.1
Specificity % 81.7 79.8 84.9 62.8 61.0 61.4

AVG Precision % 42.6 49.2 51.2 38.0 38.1 39.2
F1-M % 34.0 49.4 48.4 48.3 49.2 50.8

B-AC % 56.6 65.8 65.6 64.7 65.6 67.7

4.4 DISCUSSION

In this chapter, we investigate about combining a preprocessing under-sampling method with
feature selection technique in a cascade manner. For under-sampling, we used the HDUS model
proposed in chapter 3, and for feature selection, we used ANOVA f-test. The proposed model,
HDUS+FS, addresses the unequal class distribution and overlapping problems in unbalanced
datasets to enhance the identification of the rare class instances. The model has been evaluated
through three different classification algorithms (KNN, SVM, DT) and has been conducted on
four imbalanced medical datasets with different percentages of original minority instances(
CRCD (24%), PIMAD (34%), THSD (14%), BCD (29%)). We are compared HDUS+FS against
the baseline model with original data, the model of ANOVA feature selection alone and the
models that combined three state-of-arts, under-sampling models, with ANOVA feature
selection; TL+FS, ENN+FS and RUS+FS. Observing the results of the classifiers from the six
different models gives the readers the following insights into the improvement that HDUS+FS

achieves:

1- The need for addressing the imbalanced class problem. Despite the progress made by
sampling techniques, substantially fewer studies developed feature selection approaches
especially to handle the unbalanced class problems. Indeed, a proper selection of relevant

features is important for understanding and also for achieving better predictive results. However,
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if a feature selection is used alone with an imbalanced dataset, it may not produce successful
classification results, as indicated by the findings displayed in (4.3). Considerably, when the FS
Is integrated with techniques to handle class inequality, such as under-sampling, the efficiency
of classification can be significantly improved. The superiority of our hybrid model called
HDUS+FS, which tackles both imbalanced and overlapping problems, has been displayed in the
previous section using our proposed model (HDUS) and a widely used ANOVA f-test. The
results confirm that the combination approach is noticeably superior over FS alone for all tested
medical datasets (CRCD, PIMAD, THSD, BCD). Therefore, the implementation of proper
technique to overcome unequal class problem before feature selection is a primary need to attain
acceptable outcomes. More than that, using feature selection with imbalanced medical data is
essential to discover the knowledge (e.g., to select important features that easily diagnosis

disease).

2- As pointed out previously, implementing sampling technique with FS is more effective, to
handle the imbalanced issues in the specific domain, than employing feature selection alone. All
the hybrid models used in this work have shown to be valuable, and there is no combination
permanently superior to the others. Although our proposed model HDUS+FS outperforms the
others in three datasets, it does not seem to be convenient in PIMAD which has moderated data.
On the other hand, the most noticeable improvement for our proposed model is with THSD,
which has a low value of original minor samples. Therefore, adjusting the distribution of classes
to be more balanced has indeed been a good choice if the original number of minor samples is

quite poor.

To clarify the comparison between the various hybrid models used in this chapter and to
estimate their efficiency, figure 4.2, 4.3 and 4.4 offer a graphical demonstration of the rate
for(recall, F1-M and B-AC) resulting from the six methods used in four unbalanced medical data
sets. The graphics show that results differ when various under-sampling methods are combined
with feature selection. Figure 4.2 shows that HDUS+FS has advanced dramatically in estimating
the sensitivity of minor class instances in all data sets. A similar situation can be seen in figure
4.3 for F1-M, that defines trade-offs among recall and precision, also figure 4.4 for B-AC, that

defines the trade-offs among specificity and recall.
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3- Concerning the classification methods, it should be noted that the advantage of performing
classification rises as the unequal class distribution and the overlapping issue is properly tackled.
In this chapter, various classifiers can benefit from using HDUS+FS model. For HDUS+FS, the
KNN shows the highest results. For RUS+FS, SVM presents top results. While DT is more
suitable with both TL+FS and ENN+FS. Table 4.5 shows the performance of the used classifiers
with hybrid methods, and four unbalanced data sets have increased the reducibility of the rare

class instances by the metrics recall, F1-M and B-AC.

Lastly, the findings of HDUS+FS model can be regarded as an introductory study but an
encouraging methodology in addressing the skewed distribution and overlapping problem in the

unbalanced data sets to increase the classification efficiency of minor class cases.

Rate of Sensitivity
90
80
70
60 M baseline
M FS-alone
50
W TL+FS
40 B RUS+FS
30 B ENN+FS
20 m HDUS+FS
10
0
CRCD PIMAD THSD BCD

Figure 4.2: A mean rate of sensitivity for six methods (the baseline, FS-alone, and hybrid under-
sampling with FS models ) on four unbalanced medical datasets.
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Rate of F1-M

80
70
60

M baseline
50 M FS-alone
40 B TL+FS

B RUS+FS
30

M ENN+FS
20 B HDUS+FS
10

0

CRCD PIMAD THSD BCD

Figure 4.3: A rate of F1-Measure for six methods (the baseline, FS-alone, and hybrid under-sampling
with FS models ) on four unbalanced medical datasets.

Rate of B-AC
90
80
70
60 M baseline
M FS-alone
50
W TL+FS
40 W RUS+FS
30 B ENN+FS
10
0

CRCD PIMAD THSD BCD

Figure 4.4: A rate of balanced accuracy for six methods (the baseline, FS-alone, and hybrid under-
sampling with FS models ) on four unbalanced medical datasets.
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Table 4.5: A mean rate for three classification algorithms with six methods (the baseline, FS-alone, and

hybrid under-sampling with FS models) on four unbalanced medical datasets.

baseline FS-alone TL+FS RUS+FS ENN+FS HDUS+FS
Sensitivity % 30.2 33.8 425 58.7 60.4 78.6
Specificity % 88.5 83.6 82.5 68.0 68.1 55.2
KNN Precision % 375 41.9 49.1 38.7 36.1 35.7
F1-M % 33.3 34.3 41.0 46.5 44.3 48.1
B-AC % 59.3 58.7 62.5 63.3 64.2 66.9
Sensitivity % 7.0 21.6 34.1 71.8 57.6 77.0
Specificity % 96.6 94.3 88.4 64.3 71.7 57.4
SVM Precision % 20.1 42.1 39.3 42.3 34.4 37.1
F1-M % 10.3 27.8 36.5 52.3 42.8 49.3
B-AC % 51.8 58.0 61.2 68.1 64.6 67.2
Sensitivity % 41.5 39.1 44.4 63.1 60.5 71.9
Specificity % 76.5 79.4 76.5 59.0 64.2 57.6
DT Precision % 38.4 39.7 39.9 35.1 375 37.8
F1-M % 39.5 38.8 41.0 44.7 46.1 49.2
B-AC % 59.0 59.2 60.5 61.0 62.3 64.8
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5. CONCLUSION AND FUTURE WORK

5.1 CONCLUSION

The main outcome of this study is the development of two under-sampling models to address the
unbalanced distribution and overlapping problems in binary data classification. These models
were tested on four imbalanced medical datasets (CRCD, PIMAD, THSD, and BCD) using three
classifiers (KNN, SVM, and DT).

For the first objective of this research, a new under-sampling model named, HDUS, has been
presented to address the problem of the unequal class distribution in the context of an
imbalanced dataset that effects on classification efficiency of rare class instances. HDUS works
to eliminate the major class samples by employing the Hellinger distance metric to estimate the
similarity among each major class sample and minor class samples. Then chooses the samples
from the major class that are most resemblance to the minor class samples. The motivation from
this process is to keep the minor class samples without change and to select the major samples
that are alike with the minor samples. By this simple pre-processing method, three positive
effects are accomplished with regard to the rebalancing of the unbalanced data set: 1) The
minority samples, which are uncommon occurrences, have been well maintained in number; 2)
The process does not generate synthetic samples from any classes so that the total training
dataset is controlled without any rise in samples; 3) As the major samples are filtered out other
than those that seem identical to the minor samples, the classification efficiency of the minor
class would be improved. HDUS performs by maintaining all available minor class instances,
that are assumed to be valuable, and by lowering the excessively large number of major class
instances, retaining only the major instances that have a close distance to minor instances. The
experimental results show that HDUS can overcome the performance of the selective state-of-
the-art under-sampling models. HDUS is found to be a useful pre-processing method to fix

training datasets containing a few but significant cases of the minority class.

For the second objective of this research, we present a model that combined under-sampling and
feature selection, named HDUS+FS. The presented model has been built from a double

viewpoint: 1) employing an under-sampling method to adjust the distribution of instances
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between classes by removing the instances from the major class, that complicated the
discrimination between classes; 2) employing a feature selection to eliminate the features that
can indicate a high degree of overlap in the boundary region, thereby making difficulties in
determining minority samples. The experiments demonstrate the robustness of our proposed
HDUS+FS model which outperforms feature selection alone and the combination of some state-

of-the-arts-under-sampling with Feature selection.
With the obtained results of the two models (HDUS and HDUS+FS), we can conclude that:

1. Adjusting the distribution of classes to be more balanced has indeed been a good choice if
the original number of minor samples is quite poor.

2. It is important to handle the imbalanced class problems by using a suitable approaches
before performing classification process.

3. Implementing sampling technique with FS is more effective, to handle the imbalanced issues
in the specific domain, than employing feature selection alone

4. Concerning the classification methods, it should be noted that the advantage of performing

classification rises as the unbalanced class problems are properly tackled.

5.2 FUTURE WORK

For a future project, several different paths relevant to this study may be continued. Several

motivating problems are illustrated as follows:

1. Testing the performance of both models (HDUS and HDUS+FS) on higher complicated
datasets with different characteristics, containing a larger number of features and/or
instances such as high dimensional datasets.

2. Developing the HDUS model to handle the unbalanced class problem for the multiclass
classification.

3. Investigation the algorithm level methods and integrated with the HDUS model.

4. Comparing HDUS with other sampling approaches using various classification methods.

5. In the unbalanced class issue, the ideal class distribution rate between the major class and
minor class is still unknown. Additional investigation is required to determine the optimum

class distribution rate.
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Investigating and employing the combination of HDUS with over-sampling technique.

Hoping to continue the research study on unbalanced class classification to solve many

other complicated issues.
Our experiment in the second model, the combination of under-sampling method with

feature selection) confirms the importance of this topic for further investigation, we will

experiment with another combination of sampling methods with feature selection

techniques.
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