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1. INTRODUCTION TO CLASS IMBALANCE PROBLEM 

This chapter starts with a concise overview of machine learning. A review of the main 

approaches used to derive information from data is accompanied by the concept of 

machine learning followed with type of the data used to learning the algorithms, the 

performance metric for evaluation of imbalanced datsets and also highlights major issues 

encountered for imbalanced datasets.  

1.1 INTRODUCTION TO MACHINE LEARNING :  

The term Machine Learning was first coined by Arthur Samuel in 1959. He stated that "it 

gives computers the ability to learn without being explicitly programmed".  Further, 

Machine learning is a branch of artificial intelligence (AI) that learns from the given data 

without being programmed. In General, machine learning is classified into supervised 

and unsupervised learning. 

1.1.1 Supervised Learning:  

Supervised learning is most important and popular learning technique. In a supervised 

learning, the algorithms learn from a labelled dataset and are designed to learn by 

experience. In supervised learning, each instance is a pair consisting of set of input 

features and a desired output label called class label. A supervised learning algorithm 

analyzes the training data based on the class label and correctly determine the class labels 

for unseen instances. Supervised learning is further classified into two categories of 

algorithms:  

 Classification: A classification algorithm is applied when the output variable is a 

category. 

Regression: A regression algorithm is applied when the output variable is a real value or 

continuous. 

1.1.2 Unsupervised Learning: 

Unsupervised learning is a machine learning models in which training datasets are not 

associated with class labels. Instead, the models itself learn from the hidden insights 

present in the data. The training data will have input data but with no corresponding 

output labels. The objective of unsupervised learning is to group that data based on the 
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data similarities. Unsupervised learning is further classified into two categories of 

algorithms:  

Clustering: Clustering method groups the data instances into clusters or groups based on 

the similarities.  

Association: An association rule is an unsupervised learning method which is used for 

finding the relationships between variables in the large database. 

 

1.2 DATASETS AND ITS TYPES 

Datasets play a vital role in machine learning. Without data the algorithms cannot be 

implemented. Data is a collection of information. Each element in a given row is called 

an instance. The collections of instance with common properties or attributes are called 

datasets. In general, Data will be in many forms, but machine learning algorithms 

depends primarily on numerical data, categorical data, time series data, and text data. To 

train the traditional learning algorithms, the given datasets would be associated with class 

label.  In real time, the datasets generated for training the classification algorithms are 

divided into balanced and imbalanced datasets. 

 

1.2.1 Balanced Dataset 

Taken into consideration a binary classification problem, a dataset is said to be balanced 

if the number of class labels are equally distributed for the given dataset. For example 

(refer Figure 1.1: Example of Balanced Dataset) in a given dataset the number of 

minority (positive) and majority (negative) samples are approximately same.  

 

Figure 1.1: Example of Balanced Dataset 

For the above figure, assume the orange points as minority class labels and blue points as 

majority class labels, then we can say that the datasets is rational with same number of 

positive and negative class labels. Table 1.1 shows  an example for  golf balanced 
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datasets. The dataset consists of fourteen instances with attributes such as Outlook, 

Temperature, Humidity, windy and a class label. The class label consists of Yes and No 

as its outcome. The number of Yes (7) and No (7) are propotionally equal. Such datasets 

are considered as well balanced datasets. 

Table 1.1: Golf Dataset (balanced dataset) 

 
Attributes 

Class 

label 

No Outlook Temperature Humidity Windy Play 

1 Sunny 85 85 FALSE No 

2 Sunny 80 90 TRUE No 

3 Overcast 83 86 FALSE Yes 

4 Rainy 70 96 FALSE Yes 

5 Rainy 68 80 FALSE Yes 

6 Rainy 65 70 TRUE No 

7 Overcast 64 65 TRUE Yes 

8 Sunny 72 95 FALSE No 

9 Sunny 69 70 FALSE Yes 

10 Rainy 75 80 FALSE Yes 

11 Sunny 75 70 TRUE Yes 

12 Overcast 72 90 TRUE No 

13 Overcast 81 75 FALSE No 

14 Rainy 71 91 TRUE No 

 

 

1.2.2 Imbalanced Dataset 

In contrast, the imbalanced dataset will not have alike class labels distribution. For 

example (refer Figure 1.2: Example of Imbalanced Dataset) in a given dataset the number 

of minority (positive) and majority (negative) samples are highly different. 
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Figure 1.2: Example of Imbalanced Dataset 

For the above figure, assume the orange points as positive class labels and blue points as 

negative class labels, then we can say that the datasets is skewed towards negative class 

labels. Table 1.2 shows  an example for imbalanced datasets. It consists of fourteen 

instances with attributes such as Outlook, Temperature, Humidity, windy and a class 

label and a class label. The class label comprises of Yes and No as its outcome. The 

number of Yes (2) and No (12) are propotionally unequal. Such datasets are considered 

as imbalanced datasets. 

Table 1.2: Golf Dataset (Imbalanced Dataset) 

 
Attributes 

Class 

label 

No Outlook Temperature Humidity Windy Play 

1 Sunny 85 85 FALSE No 

2 Sunny 80 90 TRUE No 

3 Overcast 83 86 FALSE Yes 

4 Rainy 70 96 FALSE No 

5 Rainy 68 80 FALSE No 

6 Rainy 65 70 TRUE No 

7 Overcast 64 65 TRUE No 

8 Sunny 72 95 FALSE No 

9 Sunny 69 70 FALSE No 

10 Rainy 75 80 FALSE No 

11 Sunny 75 70 TRUE Yes 

12 Overcast 72 90 TRUE No 

13 Overcast 81 75 FALSE No 
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14 Rainy 71 91 TRUE No 

 

So, imbalanced datasets are major issue in machine learning. The next section discuss the 

various performance metric used to measure the imbalance dataset . 

 

1.3 EVALUATION METRICS OF LEARNING MODELS ON IMBALANCED 

DATASETS 

Accuracy could provide a reasonable measure for classifier performance on balanced 

datasets. The confusion matrix is considered for binary class problems. It comprises of 

number of TP (True Positive), TN (True Negative), FP (False Positive), and FN (False 

Negative). 

 

  Classified/ Predicted 

  Positive Negative 

Actual 
Positive TP FN 

Negative FP TN 

 

Figure 1.3: Confusion matrix 

From the confusion table, positive refers to minority class and negative refers to majority 

class. The confusion matrix provides information about the real and predicted values after 

classification. In general, the classifier performance is evaluated based on the confusion 

matrix. 

The confusion matrix consist of four entries represented as  

1. True Positive (TP) refers to the number of positive samples  which are correctly 

predicted as positive by a classifier   

2. True Negative (TN) denotes as the number of majority samples correctly 

classified as negative by a classifier   

3. False Positive (FP), often referred to as false alarm; defines as the number of 

negative samples incorrectly classified as positive by a classifier   
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4. False Negative (FN), sometimes known as miss; is determined as the number of 

positive samples incorrectly assigned as negative by a classifier 

 

For class imbalance data sets, however the output of both the minority and majority 

classes should be taken into consideration in determining the classification outcomes. If a 

classifier is overloaded by the majority class, then it may classify all instances as majority 

and obtain 90% accuracy if the majority instances comprise 90% of the evaluation set. 

Therefore, several metrics are derived from the confusion matrix. The different 

performance metrics are provided in the Table 1.3. 

Table 1.3: Performance metrics, formula and its description 

Metric Formula Description 

Sensitivity/Recall 

 

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

It is the ability of the 

classifier in identifying the 

positive class correctly. 

Also Known as True 

Positive Rate (TPR). 

It is the measure of 

completeness. 

Specificity 

 

 

𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

It is the ability of the 

classifier in identifying the 

negative class correctly. 

Also Known as True 

Negative Rate (TPR). 

Accuracy 

 

 

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

It is the ability of the 

classifier to correctly 

predict the classes both 

positive and negative. 

It is the proportion of true 

result. 

False Positive Rate (FPR)  It is the ratio between the 



7 
 

 

 

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

 

 

number of negative 

samples wrongly 

categorized as positive 

(false positives) and the 

total number of actual 

negative samples. 

Also known as False 

Alarm Ratio. 

False Negative Rate (FNR) 

 

 

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
 

It is the ratio between the 

number of positive samples 

wrongly categorized as 

negative (false negatives) 

and actual positive 

samples. 

Precision 

 

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

It is the measure of 

exactness. 

It is the proportion of 

samples from positive class 

correctly classified as 

positive. 

It specifies the number of 

correct classification for 

positive class. 

F-measure 

 

 

2 ˟ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ˟ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Also known as F-score. 

It measures the test’s 

accuracy. 

It is the harmonic average 

of precision and recall. 

The perfect score is 1. 

G-mean (geometric mean)  It is the ability of the 

classifier in balancing the 
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√𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ˟ 𝑅𝑒𝑐𝑎𝑙𝑙 classification accuracy 

between the positive and 

negative classes. 

Also known as G-Measure. 

 

In the literature, many researchers used Receiving Operating Characteristic of Area 

Under Curve (ROC-AUC) curve metric for better understating of imbalanced datasets.  It 

is a graph produced by plotting the true positive rates versus the false positive rates over 

all possible acceptance thresholds. The performance of the two-class classification is 

calculated using various discrimination thresholds. The area under curve (ROC-AUC) 

measure is independent of the selection criterion and prior probabilities of data 

distributions, and therefore it is not overburden by the negative/ majority class instances. 

Oommen et al. [1] indicate that "AUC more robust over other measures and is not 

influenced by class imbalance or sampling bias."  

The graphical representation of ROC-AUC curve come up with false positive rate (FPR)/ 

Specificity on the x- label and true positive rate (TPR)/Sensitivity on the y-label. The 

balance between true positives and false positives is shown by the ROC curve. In the 

ROC space, each point represents a prediction arising from a matrix of uncertainty. The 

ideal point on the curve would be (0,1), namely, all examples are classified correctly 

which means that a discrimination threshold is found under which the classifier will 

obtain 0% false positives and 100% true positives. A strong classification model should 

therefore produce points close to the upper left coordinate. as represented in Figure 1.4. 

In addition, the region under the AUC (ROC-AUC) demonstrates the classifier model's 

efficiency.  



 

Figure 1.4:  

Hence this section presents the important 

on imbalanced datasets and the next section address in detail the issues raised with 

imbalance data. 

1.4 ISSUES WITH IMBALANCED DATASETS

In machine learning, the classification 

information for predicting the unknown occurrences

from real world domain will

software defect detection, medical 

class imbalance problems  occur when more number of samples of one class exist than 

that of the other class. 

dramatically. 

The issues raised by imbalance

1. Irrespective of the imbalance ratio, one major problem arise in classification is 

small sample size [4]. This problem leads to “lack of information” and make the learning 

algorithm difficult to make 

2. Next, the presence of small disjuncts in the 

performance [5]. This happens as the concepts are defined inside small clusters, which 

emerge as a direct consequence of sub

data. 

9 

Figure 1.4:  An example of Area Under Curve (ROC

resents the important metrics used to evaluate the learning algorithms 

on imbalanced datasets and the next section address in detail the issues raised with 

1.4 ISSUES WITH IMBALANCED DATASETS 

In machine learning, the classification algorithms learn from previously known 

icting the unknown occurrences. Conversely

domain will be distorted in nature [2]. Typical examples include finance, 

detection, medical analysis, churn prediction and 

class imbalance problems  occur when more number of samples of one class exist than 

that of the other class. Training on these samples degrades the classification performance 

imbalanced data are mentioned as below. 

Irrespective of the imbalance ratio, one major problem arise in classification is 

]. This problem leads to “lack of information” and make the learning 

algorithm difficult to make data distribution generality. 

Next, the presence of small disjuncts in the data may degra

This happens as the concepts are defined inside small clusters, which 

emerge as a direct consequence of sub-concepts that are underrepresented in the

 

ROC-AUC). 

luate the learning algorithms 

on imbalanced datasets and the next section address in detail the issues raised with 

algorithms learn from previously known 

Conversely, most of the datasets 

]. Typical examples include finance, 

churn prediction and many more [3]. The 

class imbalance problems  occur when more number of samples of one class exist than 

Training on these samples degrades the classification performance 

Irrespective of the imbalance ratio, one major problem arise in classification is 

]. This problem leads to “lack of information” and make the learning 

data may degrade the classifier 

This happens as the concepts are defined inside small clusters, which 

concepts that are underrepresented in the given 
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3. Degradation of performance may also be caused by the presence of overlapping of 

the samples in other boundary regions called overlapping problem [4]. 

4. Another important challenge is related to Imbalance ratio (IR). Most of the real 

world data comes up with imbalance ratios ranging from 1:1000 up to 1:5000. Such 

datasets are called extremely imbalanced datasets [4]. 

5. Another issue is when training the algorithms simply by changing the data 

distribution without considering the imbalance effect on the classification output (and 

thus adjusting it properly) may be misleading the classification performance [5]. 

6. This problem of imbalance classification increases in the presence of high 

dimensional data, i.e. a large number of features [4]. 

7. The lack of good understanding of diversity in imbalanced learning before 

applying ensemble classification may lead to poor insight into the classifier performance 

[5]. 



2. CLASSIFICATION OF TECHNIQUES FOR ADDRESSING CLASS IMBALANCE 
PROBLEMS 

In machine learning, the classification algorithms learn from previously known information for 

predicting the unknown events. Most of the real world domain datasets however would be 

distorted in nature [1]. Typical examples include finance, software defect detection, anomaly 

detection, churn prediction and many more [2]. The class imbalance problems  occur when more 

number of samples of one class exist than that of the other class. Training on these samples 

degrades the classification performance dramatically. It shows bias towards the over-represented 

class samples called majority class and ignores under-represented class samples called minority 

class. Moreover, imbalance occurs in binary classification problem and most of the time the class 

with less number of instances (minority class) are of immense importance. This problem has 

been tackled by machine learning research community over the past decades.  Broadly, the class 

imbalance problem are classified into three different levels. 

 

Figure 2.1: Different level of handling class imbalance problems 

 

• Data level methods: These methods are also refered to as pre-processing techniques. These 

techniques are meant to balance the skewed data distribution by resampling.  

• Algorithm level methods: These methods adjust the existing classification algorithms to train 

the imbalanced data. It lessen the bias towards majority classes and adjust them to mine the data 

with imbalanced distribution.  These methods also provide cost sensitive learning by considering 

the misclassification cost. 

• Hybrid methods: Both data level and algorithm approaches are merged in these methods. By 

training the various different classifiers and integrating the output, it has noted that the accuracy 

of the classifier would be gradually improved.   

 

2.1  DATA SAMPLING METHODS FOR IMBALANCED DATASETS: 



Using data level or preprocessing techniques, the skewed data distribution is balanced using re-

sampling techniques to make it suitable for classification algorithms. The re-sampling of data can 

be done either by oversampling the minority class or under sampling the majority class instances. 

The main aim is to re-balance the skewed class distribution using sampling techniques such as 

random over-sampling, random under-sampling, improved sampling techniques etc.  The 

oversampling and under-sampling methods are two popular pre-processing techniques at data-

level for addressing class imbalance problems. The oversampling techniques balance the 

imbalanced data distribution by generating synthetic data for minority samples whereas under-

sampling technique discards the majority samples to equalize with that of  minority class 

instances. 

 

Figure 2.2: Different Sampling Methods to untangle the Class Imbalance Problem 

 

Numerous techniques for oversampling and under-sampling exist in literature such as Random 

Under-Sampling (RUS) [6], Random Over-Sampling (ROS)  [7],  Tomek  links  [8],  Synthetic  

Minority  Over-Sampling  Technique (SMOTE)  [9]  ,  One-sided  selection  (OSS)  [10],  

Condensed  Nearest  Neighbor Rule  (CNN)  [11],  Neighborhood  CLeaning  rule  (NCL)  [12],  

SMOTE+Tomek links [13] etc. The resampling methods for class imbalance problems were first 

suggested by Kubat and Matwin[10]. 

 

2.1.1. Oversampling Techniques: 



Chawla et al. [9] proposed most popular oversampling technique called Synthetic Minority Over-

sampling TEchnique (SMOTE). In this technique, the synthetic minority samples are generated 

by performing interpolation between minority class samples and its k-nearest neighbors. The 

effective implementation of SMOTE for various applications has inspired many researchers to 

propose different techniques for synthetic data generation to offset the imbalanced data 

distribution problem. The variant SMOTE approaches includes borderline-SMOTE [15], safe-

level-SMOTE [16], ADASYN [17] and MWMOTE [18]. Borderline-SMOTE [15] generates 

synthetic samples in the borderline margins between the classes. The two distinct of Broderline-

SMOTE [15] vary in selecting the samples. The first variation generates new samples using 

boundary region sample and its nearest minority neighbor while in the second, the new samples 

are generated by considering boundary region samples and its nearest neighbor samples from the 

original dataset. The author stated that the Broderline-SMOTE provided better results compared 

to SMOTE. But the main drawback is it could produce the synthetic samples in overlapping and 

noisy regions which will degrade the classifier performance. To overcome the said drawbacks of 

borderline-SMOTE, the author [16] proposed Safe Level-SMOTE (SL-SMOTE). SL-SMOTE 

considers the safe level minority samples while generating the synthetic samples. The main focus 

was to generate the new samples closer to safe region. However, some synthetic samples may 

still be placed in the majority region which may degrade the classifiers performance. The 

problem of over-generalization in SMOTE is addressed by Adaptive Synthetic Sampling 

Approach (ADASYN) [17]. It generates the synthetic minority samples adaptively based on their 

distribution in the data space. The author [18] proposed Majority Weighted Over-sampling 

Technique (MWMOTE) to generate synthetic samples from the most difficult minority samples. 

The difficult minority samples are assigned with weights based on the distance from the nearest 

majority samples. An oversampling method proposed by Li et al.[19]. This technique is based on 

support degree method to come up with guidance for the model to generate synthetic samples by 

selecting the appropriate minority samples using support degree of each minority samples. The 

new samples are generated in the same boundary region and also avoid ovelapping. The new 

samples are intact to the minority boundary regions. Van et al.  [20] applied SMOTE technique 

for fraud application in social security. The minority sampling method (SMOTE) effectively 

generate new instances for the original dataset. A novel synthetic re-sampling technique namely 

Diversity and Separable Metrics in Over sampling Technique (DSMOTE) was proposed by  



Mahmoudi et al. [21]. The model works by considering top three minority samples from the 

given minority class and using the selected samples to generate new samples. The selection is 

based on the diversity and separable metrics. The author stated that the proposed model removed 

unusual samples from the minority region very efficiently. Oktavino et al.[22] proposed an 

automatic extraction system for  text  processing. The proposed system adopted SMOTE 

technique to balance the medium enterprises e-commerce website data   and  results show that 

the proposed system performed best compared with other algorithms. Yeh  et al.  [23] presented 

a new over-sampling method to generate synthetic samples. The data is balanced two-parameter 

Weibull distribution. The balanced data was then trained on Support Vector Machine (SVM) 

with a polynomial kernel function to build classification model. 

 

2.1.2 Under-sampling Techniques: 

 Tahir et al. [6] proposed a novel inverse random under sampling (IRUS) method to handle class 

imbalance problem. The training data is separated into minority and majority class based on 

boundary region. Then a composite boundary is constructed between the classes. The author in 

[24] put forward a cluster-based under-sampling approach. The clusters are form based on 

dissimilar chrateristics of the given data.  The data are selected as representative data from the 

training sets to enhance the results of the classification algorithm.  Xiang et al.  [25] proposed a 

re-sampling method for person image re-identifiaction using both over-sampling and under-

sampling methods. During active learning iteration the sampling methods where acitivated when 

the imbalance occur in training data. By appilication of both re-sampling techniques 

(undersampling and oversampling) during training phase, the author stated a reduction in the 

effects of imbalance in the surveillance dataset.  Debowski et al.  [26] developed a dynamic 

sampling framework to address multi-class imbalanced problem. In their proposed framework, 

the author combined applied wrapper method along with classification algorithms to avoid class 

dominance in the data. The various sampling techniques applied are RUS, ROS and SMOTE.  

Dang  et  al.   [27]  developed a novel method called SPY. The SPY model represents the 

majority samples as SPY samples while performing the training process. During the process, the 

majority samples are changed to  minority class  in the training dataset. Due to this the change 

will gradually reduce the number of majority class and boost the minority class samples 

accordingly.    Under-sampling is  a most accepted and frequently used preprocessing technique 



to balance the imbalanced data distribution. It considers complete positive samples and in some 

cases they may exist noise which in turn reduce the classification performance. To avoid noise in 

positive class samples Kang et al.[28] proposed noise filtering technique based on resampling. 

The proposed technique was evaluated using G-mean, AUC and F-Measure metrics. To tackle 

the imbalanced dataset problem using resampling technique, the author [29] introduced a two-

stage method namely DBIG-US. The proposed method combines DBSCAN with graph-based 

technique. The DBSCAN is used to remove the noisy data and graph-based technique is applied 

to identify the improtant features..  

 

Zhang et al.  [30] proposed two approaches to discover the majority class. The author declared 

that most of the negative samples may not be considered during undersampling with the 

hypothesis that undersampling technique may discard the important samples.  In order to achieve 

good minority class prediction and also to avoid  necessary  information  loss  from  the  majority  

class,  they  used  both  K-means algorithm and random sampling approach.  Wang et al.  [31] 

proposed a new over-sampling technique to generate the  artificial  samples  for  minority  class.   

The new minority class samples were created using  K-Nearest Neighbor (K-NN) graph  to 

balance the data samples. Later , Minimum  Spanning  Tree  on  the  K-Nearest  Neighbor  graph 

was  build  to generated synthetic samples with SMOTE technique on Minimum Spanning Tree. 

The proposed methods was applied for on diseases data sets. Following section, presents the 

work done by combining both oversampling and undersampling techniques. 

 

 

 

2.1.3  Hybrid Techniques (combination of both oversampling and under-sampling): 

Bunkhumpornpat et al.  [16] proposed a safe level graph method  to select the appropriate 

SMOTE technique based on the data characteristics. It asct as a guide line tool for selecting an 

appropriate SMOTE like Borderline-SMOTE and Safe-Level-SMOTE. The model was evaluated 

using well-known learning algorithms such as C4.5, K-NN and RIPPER. The author [32] 

proposed a new hybrid method with combination of both oversampling and undersampling for 

preprocessing the skewed data distribution. The proposed method balance the given data using 

SMOTE oversampling technique along  with undersampling based on Rough set edit technique. 



The resultant data was evaluated using C4.5 classifier. The proposed rough set based 

ovesampling was applied for forecasting software faults at the early software life cycle. 

Jindaluang et al.  [33] proposed a cluster-based under-sampling method. The clusters are formed  

using k-mean cluster algorithm to select the representative majority samples. This algorithm 

clusters the samples from majority class and selects only the representative data present in the 

majority clusters and then combine the resultant negative instances with that of positive class 

samples to form the resultant training set. The final datasets was trained on five UCI datasets 

using classification algorithms such as C4.5 decision tree and KNN (K=5). Ma et al.  [34] 

employed random under-sampling technique to resample the defect prediction software dataset 

and update the training set in each round depend on the co-train style algorithm. The author 

compared the conventional machine learning approaches with the proposed model and stated a 

significant advancement in the performance using AUC (area under the receiver operating 

characteristic) metric.  The class imbalance problem will not only effect with imbalance ratio but 

also the existance of noise may degrade the classification performance. To study the impact of 

noise in the datasets, author [35] executed and compared various oversampling and 

undersampling techniques. The behaviour of SMOTE and RUS was observed and concluded that 

oversampling techniques are much robust compared with undersampling techniques.  Wu et al.  

[36] proposed a cluster-based sampling approach. The representative data from each individual 

clusters are taken to form the training data. The author declared that by only considering the 

representative data for classification will improve the classification accuracy and the author also 

examine the different outcomes of under-sampling methods to solve imbalanced class 

distribution problem.  Yen et al.  [37] presented a spatio- temporal over-sampling method to 

resolve  the  class imbalance in background subtraction.   Majumder  et  al.   [38]  presented  a  

new  method by combining SMOTE  and ADAptive SYNthetic Sampling (ADASYN) to balance 

the extremely imbalanced set of geometric features extracted from the medical database.  

Mathew et al. [39]  proposed  a  Kernel  based  SMOTE  (KSMOTE)  that  creates  synthetic 

minority samples using SVM classifier. The selection of data is based on the boundary regions of 

support vector margins.  Pelayo et al.  [40] explore the use of stratification-based resampling 

approach in identifaction of defects in sotfwares.  The software defects data is balanced using 

stratification based sampling methods.  Shi et al. [41] recommended under-sampling 



methodology in the P300 dataset to balance the imbalance data using  SVM classifier  to train the 

re-sampled data sets.  

The author in [42]  provides  an  insight  on adopting  various optimization  approaches in order 

to optimize the parameter of  SMOTE  technique. The optimized SMOTE presented better 

solution in balancing the skewed data distribution.   Padmaja et  al.   [43] addressed the problem 

of high overlapped and imbalanced fraud data by presenting  an  hybrid approach with an 

integration of oversampling via SMOTE and random under-sampling technique.   To enhance the 

estimation quality of the fault-prone module,  Bennin  et  al  [44]  evaluated different re-sampling 

techniques to investigate the performance of software fault prone data. The author stated that 

oversampling techniques outperformed when evaluated on a classification algorithm. The 

automated retrieval of information from SME websites has been suggested by Oktavino et al.  

[22]. The author preprocessed the website pages using SMOTE and compared three cassification 

algorithms like Naive Bayes, SVM and Decision Tree withaccuracy as the performance metric. 

The results shows that SVM outperformed among all three algorithms. Das  et  al. [45] proposed 

a novel clustering-based undersampling technique (ClusBUS) designed for smart environment. 

The proposed method identifies data regions where minority class samples are embedded deep 

inside majority class. The embedded majority class samples from these regions were removed as 

part of preprocessing. The proposed ClusBUS provided more significance to the minority class 

samples during pre-processing.  Farajzadeh et al.  [46] proposed a novel itevative over-sampling 

techniques. The main focus is to impute missing data and then generate the synthetic samples for 

positive class. The framework make use of Expectation Maximization (EM) and K- Nearest 

Neighbor (k-NN) for data imputation. The model was analysed using a classifier group called 

ensemble classifiers. Ghazikhani et al.  [47] proposed a two phase algorithm based on Support  

Vector  Data  Description  (SVDD) to handle imbalanced dataset.  In the first step, SVDD is 

performed on the minority class to describe the data using a hypersphere method. Secondly an   

oversampling  of data is performed using support vectors.   Hu  et  al.   [48]  presented  a  

modified  SMOTE (MSMOTE) to eliminate the noisy samples exist after SMOTE. The author 

stated that the combination of MSMOTE with Adaboost yield better results when comapred with 

SMOTEBoost. Li et al. [49] integrated Random oversampling with SMOTE called Random- 

SMOTE(R-S) to handle imbalanced datasets effectively. Liu et al.  [50] suggested an upgraded 

SMOTE method using K-means algorithm for Quality of Experience (QoE) for IPTV. The model 



is a combination of over-sampling method and RUS method as under-sampling method to  

balance  the  dataset. Zhou  et  al.   [51]  proposed Cost  Minimization  Oriented SMOTE (CMO-

SMOTE) to produce of synthetic minority samples. The samples are created on the basis of 

assistance in genuinely changing boundaries with specific objective. The authors also presented 

the problem of imbalanced learning and its origin using Bayesian perspective and revealed that 

the class dominance occurs in combination with the varied data characteristics and  the presence 

of the distribution of class conditional probability density in the data.   

Blagus et al. [52] examined SMOTE on high-dimensional results using gene expression data sets 

with multiple learning algorithms.  Helal et al.  [53] analyzed some of the well established 

classification algorithms using G-Mean and cross validation techniques to measure the algorithm 

performance on imbalanced dataset. In order to align the dataset, various re-sampling methods 

were used. They then implemented four different algorithms before and after resampling using 

RF, DT, K-NN, and SVM classification algorithms. A comparison of three methods for handling 

the disparity challenge in protein functioning data was proposed by Mercado et al. [54]. The data 

is undersampled and then SMOTE is introduced to evaluate the output of protein function 

prediction using weighted SVM. In [55] the author proposed a sampling method for balancing 

sentimental classification data. The datasets were pre-processed using sampling methods by 

removing similar, farthest applying clustering algorithms to solve class dominancein the data sets 

for supervised sentiment classification dataset. Rosa et al.  [56] introduced SMOTE to address 

the skewed data in patients for anti-hiv therapies. SMOTE was used by Shi et al.[57] to balance 

the data on mass incidents and generate new samples using KNN. The resultant data was 

evalauted using id3 algorithm. Cateni et al.  [58] proposed a hybrid approach with combination 

of both oversampling  and  undersampling  procedures  for  balancing  the  dataset for better 

classification performance. In order to boost the classification efficiency using differential 

evolution, Chen et al.[59] suggested a novel hybrid resampling technique. The  over-samples the 

minority class was applied for industrial and real time data.  Lin et al.  [60] proposed a novel 

method to solve the liver cancer imbalanced data using case-based reasoning procedure.  In [56] 

this study, the authors indicated that classifer efficiency would imrpove when trained on 

imbalanced data using the C4.5 classification along with undersampling, and also proposed that 

the lowest cost classifier  delivers better results than undersampling with comparatively low 



costs.  The author merged numerous re-sampling methods in [61] to achieve an efficient solution 

for imbalanced data sets.  

Estabrook  et  al.   [62]  addressed various resampling techniques and evaluated the effects of 

both oversampling and undersampling. The experimental study conclude that the combination of 

resampling approach will provide effective solutions.   Barandela et al. [63] applied several re-

sizing techniques for handling the imbalance issue to understand the under-sampling and 

oversampling on imbalanced training samples.  Radivojac et al. [64] addressed the problem of 

noise, high dimensional and imbalance in Protein Data Bank (PDB) dataset. The solution was 

defined using a framework consisting of solution to noise, feature selection and imbalance.  

Apart, the imbalance datasets when oversampled may lead to class overlapping. When the 

samples of one class may appear in the area of other classes, class overlapping occurs. The study 

in the literature shows the various solutions proposed by the research community for addressing 

class overlapping problem. In [65], the author proposed density based clustering method 

(DBMUTE) to identify the overlapped majority samples and discard them before learning the 

data using classification algorithm. ADAptive SYNthetic sampling approach (ADASYN) [17] 

method achieved better sensitivity by generating more minority samples surrounded by majority 

instances as its neighbours. However, the visibility of minority class was not sure by this method 

because the majority instances may still be present in the overlapping areas. To focus more on 

the boundary regions, the author [66] proposed Edited Nearest Neighbour (ENN) technique. The 

samples that lie in the other class boundaries are eliminated based on k-nearest neighbor methods 

where k is assigned with 3. The author stated that setting of value k has significant impacts on 

the performance. The extension of ENN, Neighbourhood CLeaning rule (NCL) [12] considered 

both majority and minority k-nearest neighbours for discarding the majority samples and the 

results show an improved efficiency over ENN. Presently, integration of data cleaning and 

resampling methods has been proposed [66] such as SMOTE-IPF. In which noisy instances are 

removed before new samples are generated for minority class. BorderLine-SMOTE 

(BLSMOTE) [15] applied oversampling only on borderline minority samples. Using F-measure, 

the performance was evaluated and better performance was noticed. In extension, Majority 

Weighted Minority Oversampling TEchnique (MWMOTE) [18] was introduced to identify the 

positive class samples at boundary regions and assign weights according to the distance from 

majority class samples. Adaptive Semi-Unsupervised Weighted Over-sampling (A-SUWO) [69] 



considers minority samples closer to the boundary region and marks them as hard-to-learn 

samples. Those samples are not involved in generating new samples. To detect outlier, noise and 

redundant samples, the author [67] proposed Redundancy-driven modified Tomek-link based 

undersampling. 

 

2.2 ALGORITHM LEVEL METHODS FOR IMBALANCED DATASETS 

 

To derive solutions for the imbalanced datasets, the algorithm techniques rely by modifying the 

existing classification algorithms. The modification is done to decrease the tendency against the 

majority (negative) class samples and give more priority for minority (positive) class samples. 

The improvements include cost adjustments of different classes so as to balance the skewed data 

distribution, adjusting the cost by give weights for the samples in decision tree, adjusting the 

decision threshold, and recognition based (i.e.,  learning from one class) learning.   

 

Figure 2.3: Different Algorithm Centric Approaches 

 

Several classifications techniques were modified and the various adjustment including threshold 

learning and one-class learning [82-88], and cost-sensitive analysis [90,91,93,95,104].  

 

2.2.1  Improved Algorithm Techniques 



Qiu et al.  [68] proposed an adaptive method based on Differential Evolution (DE). This new 

method address class-imbalance problem using cost-sensitive learning.  It creates optimal subsets 

based on low misclassification cost by exploring the potential information contained in the 

majority classes. Bhowan  et  al.   [69]  proposed  a  Genetic  Programming  (GP) fitness  

approach for classification. The  classifiers  provided high  and  reasonably  balanced  minority  

and  majority class and improved the accuracy.   Kamal  et  al.   [70]  proposed feature selection 

for gene classification and evaluated on different learning methods. The four learning algorithms 

are evaluated on selected genes data. Ruangthong et al.  [71] proposed the method to analyze 

asymmetric data using Rotation Forest-J48 with SMOTE to resolve customer's need dta in bank 

direct marketing data.  Wong et al.  [72] proposed an fuzzy based algorithm for under-sampling 

method. They applied fuzzy logic on majority classes samples and selected representative 

majority samples to balance the dataset. Li et al. [73] uses optimization algorithms such as  

Particle Swarm Optimization and Bat Optimization algorithm to optimize the data selection 

using neural networks and decision tree algorithms. Padmaja et  al.[74] proposed a new filter 

based method  namely majority filter-based minority prediction (mfmp)  to eliminate the ouliers 

exist in the fraud detection dataset. The k Reverse NN (k-RNN) method was taken for removal 

of extreme outlier elimination exist in the data. Zhang et al. [75] proposed a method for 

sentiment data by combining the various classification algorithms.  They proposed hybrid 

method using under-sampling. The method combines bootstrapping approach for re-sampling 

and random feature selection. The integration of these methods are used to pre-process the data 

and  then the resultant data was trained using decision tree as base  classifier.   Fan  et  al. [76]  

suggested  that  the  re-sampling  methods  are not required  if data falls close to the class 

boundary regions. They experimental study show that by using standard classification algorithms 

such as SVM can acheive better performance  than  the  re-sampling  methods.In order to resolve 

the non-stationary imbalanced stream data, Chen et al.[77] suggested the Selectively Recursive 

Approach (SERA) framework.  The RBF classifier was applied on the balanced dataset.  A fuzzy 

C-means clustering approach for controlling the distorted distribution of data was discussed by 

Hosseinzadeh et al.[80]. The fuzzy clustering was incoporated to improve the Random Forest  

performance.  Gazzah et al.  [81] presented a hybrid approach using under-sampling the majority 

class and over-sampling the minority class for training imbalanced datasets. Xiaoying et al.  [14] 

considered a common rule to select sampling strategy uuing V-measure metric. The V-measure 



considered minority data samples during the resampling process. The advantage of V-measure is 

to pay more attention to minority class accuracy without disrupting the accuracy of the majority 

class 

 

2.2.2 One-class Learning Techniques 

One class classification techniques are used to address outlier, imbalance and anomaly exist in 

the data. Effendy et al.  [82] proposed a combined approach for customer churn prediction. The 

proposed method combines sampling and weighted  random  forest algorithms. The combined 

approach was applied on  real time customer  churn  datasets. Lessmann et al. [83] applied 

Support Vector Machine algorithm to skewed data distribution problem.  In [84] the author 

applied informative re-sampling technique based on SVM model. While training on SVM  

different costs were applied for different classes and also with updated decision  boundary 

distance. Cohen et al. [85] investigate one-class SVM with conformal kernel. The proposed 

approach trained to differentiate two classes on the basis of examples from a particular class and 

model show an improvement of one-class SVMs using  conformal kernel transformation.  The 

extended SVM is sued to balance by learning only from one class and ignoring the other.  To 

cope with class imbalance in nosocomial infections , the author [86] investigate using support 

vector algorithm. The margins of support vectors margins are tuned to improve recognition of 

outstanding positive (minority) samples. Wu et al. [87] proposed an efficent method to adjust the 

class boundary of SVM classifier by modifying the kernel space. Phua et al. [88] proposed a new 

decision tree methodology namely Consolidated Tree Construction (CTC) for minority report for 

building decision trees  based on resampling techniques.  One class classifier mostly use kernel 

function to learn from skewed data distribution. The author in [137] proposed a framework in 

selecting the parameters for selecting the majority class samples.The author first trained the one-

class SVm classifier using minority samples then both positive (minority) and negative 

(majority) class samples are used construct the classifier based on the grid based optimization 

search. 

 

2.2.3 Cost Sensitive Techniques 

Algorithm approaches are part of cost-sensitive learning techniques. In imbalanced datasets, the 

cost of errors is often different and cost-sensitive learning involves the cost into learning 



algorithms. These techniques are less popular as they are associated with cost for each 

misclassified samples in comparison to data level techniques [90].  But cost sensitive learning is 

more computationally effective than that of other techniques.  

The author [91] proposed cost-sensitive neural network model with varying weights assigned. 

Cao et al. [92] proposed integrating wrapper feature selection method to choose best set of 

features and misclassification rate for cost sensitive SVM and provide better results using AUC 

and G-mean metrics. Dhar and Cherkassky [93] proposed Universum Support Vector Machine 

(U-SVM) for handling highly imbalanced dataset. Qiu et al. [94] proposed randomly selected 

decision tree for cost sensitive learning. The proposed technique works by reducing the cost 

value and improving the classification performance. Palacios et al. [95] proposed FURIA 

algorithm for cost sensitive learning of fuzzy rules for handling imbalanced data distributions. To 

lessen the effects of skewed data distribution during classification, the author [112] proposed 

ABC-Sampling algorithm. The ABC-Sampling is based on behaviour of honey bees 

optimization. The ABC algorithm applies forward search in finding the representative majority 

samples. Each majority sample is ranked based on its frequency. The top ranked majority 

samples are combined minority class samples and the resultant dataset was evalauted using SVM 

classification algorithm. The author stated superior performance when compared with state-of-

the-methods. 

 

2.3 ENSEMBLE / HYBRID METHODS FOR IMBALANCED DATASETS: 

 

Hybrid methods are integration of both data level and algorithm level methods. The aim of 

hybrid/ ensemble methods is to train the dataset on several classifiers and combine them to 

obtain a improvement in the classification performance.  The common and popular ensemble 

technique proposed in literature are AdaBoost  [124],  SMOTEBoost  [147], RUSBoost  [148],  

DataBoost-IM  [149],  Bagging  [5],  OverBagging  [5],  and SMOTEBagging  [150]. 

 



 

Figure 2.4: Different Ensemble Methods 

 

 

 

The ensemble methods [109, 110, 111] like bagging  and  boosting  are  two  most  popular  

multi-classifier  frameworks  for addressing the skewed data distribution.   

 

2.3.1 Boosting Techniques 

 

A multi-classifier method based on Random Subspace Method (RSM) and SMOTE was 

developed by Huang et al.[97] to deal with the issue of class imbalance.  Abolkarlou et al.  [98] 

presented a novel ensemble classification algorithms by means of pre-processing, clustering and 

genetic algorithm techniques to handle data imbalance using hierarchical clustering algorithm. 

The clusters are used to determine the optimal group of samples.  Yuan et al.  [99] proposed a 

hybrid method called sampling+reweighting technique with definite weight. The weights are 

updated by means of certain rules.  Liu et al.  [100] suggested an enchanced AdaBoost algorithm 

to predict (Quality of Experience) QoE using cost-sensitive learning for addressing user's Quality 

of Experience datasets. Wei et al. [101] designed an hybrid method called BalancedBoost to get 

better performance of models trained on real-time network traffic classification datasets.  Liu et 

al.  [102] proposed exploratory under-sampling technique. The important class examples that are 

essentially skipped by existing under-sampling technique are used by these algorithms.  

All these methods sample the separate sub-sets of the main class, trained from each of these sub-

sets on the ensemble classifier, and combine all subsequent learners into a final ensemble of 

these learners. A new Swarm Boost technique was developed by Ceballes et al.[103], which 

incorporates boosting, oversampling, and sub-sampling to select samples using particle swarm 

optimization based on optimization criteria. Jiang et al.[104] recommended hybrid sampling 

methods to produce synthetic samples for Bayesian network classifiers using (SBNC)-under-



sampling, SBNC-over-sampling, and the resulting data was trained using Bayesian network 

classifiers. 

 

2.3.2 Bagging Techniques 

 

Oliveira et al.  [105] proposed a bootstrap technique using enemble bagging classification. The 

proposed technique namely Iterative Classifier Selection Bagging  (ICS-Bagging).  Ensemble 

level techniques are also widely used currently for class imbalance problems.  Bagging [40, 109, 

and 130] and Boosting [106, 107, 110, 114] are two popular ensemble classifiers. The author 

[120] proposed “Roughly Balanced Bagging” (RB Bagging) for sampling the data during 

ensemble learning. The proportion of data used for training the ensemble is same irrespective of 

the imbalanced nature of data. By using negative binomial distribution, the bagging process 

makes use of all positive samples.  

In the literature, various modifications in the re-sampling process for ensemble bagging learning 

was discussed for class dominance problems. In [121] the author introduce Local-and-Over-All 

Balanced bagging technique to select the samples based on the probability among its 

neighbourhood. Blaszczynski et al. [111] suggested that considering local characteristics of the 

positive (minority) class distribution may be useful for ensemble prediction performance. They 

proposed Neighbourhood Balanced Bagging technique where the samples are considered based 

on their neighbourhood.  Nearly all classification algorithms suffer with highly skewed data. The 

BEV method for classifying imbalanced data was suggested by Li et al.[117]. The scheme is 

based on the classification algorithm for the ensemble "Bagging". The primary motive is to fully 

exploit the samples of the minority class. Most of the resampling was conducted for 

classification data, but regression data may occur in real time. The author [124] suggested the 

REsampled BAGGing (REBAGG) algorithm to balance regression data. It is an ensemble-based 

bagging technique to execute regression task balancing. 

 

2.3.3 Hybrid Techniques 

Ruangthong  et  al. [106] proposed AdaBoost.M2 for imbalanced datasets to balance using 

SMOTE sampling technique and then trained on AdaBoost.M2 using adaboost ensemble 

approach. The approach was implemented to forecast the possibility of term deposits from bank 



customers.  Huang et al.  [107] worked on protein interaction hot spots prediction data using 

SMOTE with Adaboost algorithm.   Pal  et  al.   [108]  proposed  gaussian based boosting 

technique namely BoostedGMM model,  where  SMOTE  based  oversampling was applied to 

balance the dataset  and  cluster  forest for better clustering.  In addressing the issue with 

imbalanced datasets,  Hu et al.  [109] proposed a cluster based  approach based on clustering and 

ensemble technique called Clustering-based Subset Ensemble Learning Method.  The common 

challenge faced by learning algorithms is with imbalanced datasets. These algorithms when 

executed on such datasets show importance to negative/majority samples. To improve the 

identification of minority class samples Mustafa et. al [110] adopted ensemble with sampling 

techniques called MultiBoost ensemble. MultiBoost technique identified the minority class 

samples thereby reducing the bias towards majority class. The author stated that the method gain 

significant improvement in the classifiers performance. Akbani et al. [113] proposed SMOTE 

with Different Costs (SDC) approach to oercome the problem faced by SVM when trained on 

imbalanced datasets. They expressed that the undersampling approaches mostly result in 

information loss and to avoid it in SVM, the boundary can be pushed away from the minority 

samples to make more sensitive towards minority samples. Most of the pattern reconginition 

application suffer with skewed data distribution problem. Soleymani [114] proposed new 

ensemble learning algorithm namely Progressive Boosting (PBoost). PBoost algorithm 

progressive insert the different samples which are not related while learning to generate pool of 

diverse classifiers. The rare events of datasets usually bias the classifier towards higher majority 

class predictive accuracy.  Yongqing et al.  [115] proposed ensemble algorithm with improved 

SMOTE called Adaptive SMOTE (ASMOTE) method. ASMOTE combines selective samples 

using SMOTE to learn the ensemble  classifiers with Bagging. Experiments were performed on 

protein-protein interaction data and demonstrated improved process performance.   

Wu  et  al.   [116]  proposed  an  e-commerce  customers  churn prediction model using improved 

SMOTE and AdaBoost algorithms. To overcome the poor prediction accuracy on imbalanced 

datasets, the author in [119] proposed a hybrid re-sampling approach to deal with skewed data 

distribution problem. Both oversampling and under-sampling techniques were applied in pipeline 

to oversamples the samples using SMOTE and then delete the less important samples using 

RUS. Later the obtained relative balanced data was trained on SVM classifier.    Zughrat  et  al.   

[122]  developed  a  new  Iterative Fuzzy Support Vector Machine (IFSVM) algorithm for 



solving the skewed rail data classification using bootstrapping-based oversampling and 

undersampling. Guo et al.[125] applied boosting and data generation approach called DataBoost-

IM  method  to  train  the  imbalanced  dataset.   The  DataBoost-IM method  was  evaluated 

using various performance metrics like  F-score,  Geometric-mean  and  overall  accuracy, tested 

on 17 highly  and  moderately  skewed  datasets  using decision tree classification algorithm.  

Matsuda et al.  [126] presented a single-layered Complex Valued Neural Network (CVNN) 

model . It is a two step method wherein the first step is stability the data using SMOTE model 

and next to train the resultant data using CVNN.  

Many researchers proposed various research articles to improve the results of AdaBoost 

classifier [114, 115, and 131]. In [140], the author proposed an algorithm to handle multi-class 

imbalance problems called BSPO-AdaBoost-KNN algorithm. The algorithm worked 

significantly well in identifying the important features. Li et al. [141] proposed an adaptive 

classifier to balance the skewed data distribution very efficiently. It used pre-processing and 

selection of feature to execute on multiple classifiers. Yung et al. [142] used graphic and math 

model to analyze the multi-class AdaBoost algorithm and proposed multi-class classification 

method to decline the accuracy of the weak classifier successfully. The Extreme Learning 

Machine (ELM) is an efficient multi-classification learning algorithm but does not work with 

unbalanced datasets. By enclosing weighted ELM algorithms in the AdaBoost framework, the 

author [143] suggested AdaBoost weighted composite kernel ELM. For each sample, this 

architecture integrates spatial and spectral information into the composite kernel. The 

combination of composite kernel methods and the AdaBoost architecture with weighted ELM 

provided excellent performance in achieving better accuracy of the classification. An enhanced 

AdaBoost algorithm with a weight vector was suggested in [145].  The identification power of 

the base classifiers is represented by assigning weight to each class. This algorithm greatly 

increases the precision of classification by preventing overfitting. For imbalanced classification 

data, an ensemble evolutionary algorithm was recommended by Kewen et al. [144]. For better 

classification, they applied genetic algorithms to the AdaBoost classifier. In [146] the author 

suggested four algorithms based on the threshold value reached for samples of the majority class. 

The algorithms are defined based on threshold growth such as A-AdaBoost, B-AdaBoost, C-

AdaBoost and D-AdaBoost. The algorithms provide effective results when handling imbalanced 

data. In the study, Particle Swarm Optimization (PSO) was used to tackle the problems of class 



imbalance, but the major drawback of the PSO algorithm is that in high-dimensional space it 

may fall into the local optimum and has a low convergence rate in the iterative process. 

The review on various techniques presented in this chapter aimed to summarize the related work 

to handle the imbalanced data. The review provided a deeper understanding of research 

conducted for class imbalance problem using knowledge management and machine learning 

models.  The study also discussed the problems encounter with machine learning algorithms, 

while classifying the skewed data distribution. These learning algorithms show bias towards the 

majority class / negative class (class with more samples), resulting in a significant deterioration 

in the classification performance. The review highlighted the following research gap and 

challenges to be addressed for tackling class imbalance problem at data level, algorithmic level 

and hybrid level. 

The main research challenges presented in this work are: 

1. What is an efficient technique to control outliers and redundancy exist in data using data level 

techniques?. 

2. How to handle multi dimensional data at the algorithmic level? 

3. How to handle small disjunct present in the data using hybrid methods? 

 

Based on the above research questions the problem statement is formulated as follows: To 

propose effective techniques to handle outliers, redundancy and small disjunct present in the data 

and also to implement algorithm to work efficiently for multi dimensional data. 

 

2.4  OBJECTIVES  

The main obective of the study is to explore various techniques such as data pre-processing, 

feature optimization and application of ensemble/hybrid methods to improve the significance of 

minority class samples in imbalanced datasets. To address this, we proposed various techniques 

to resolve the imbalanced dataset problems. The experiments are carried out on real-world 

datasets from Keel machine learning repository. The proposed techniques were compared with 

the state-of-the-art methods from the literature.  



The research objectives are formulated as follows: 

1. To design an efficient technique to handle outliers and redundancy exist in data using data level 

techniques. 

2. To propose and implement  algorithm for handling multi dimensional data at the algorithmic 

level. 

3. To propose and implement efficient technique to handle small disjunct present in the data using 

hybrid methods. 

In order to address the  first objective, a framework for balancing imbalanced datasets using pre-

processing technique to get better the performance of the classification algorithm has been 

proposed. In this work, the use of Oversampling and undersampling as a data level solution was 

first investigated.  An oversampling framework has been proposed to balance the class 

distribution by removing the outliers present in the data. The framework removes outliers present 

in the data after oversampling. We proposed a novel approach for handling outliers in 

imbalanced data. Further, We proposed an undersampling technique called Earth Mover's 

Distance based undersampling approach for handling redundancy data present in skewed data 

distribution. 

Another aspect of handling imbalanced data is at algorithmic level. The challenging problem 

encountered at algorithm level is high dimensional data which may lead to over fitting and 

performance degradation when trained on classification algorithms. We propose to implement  

an optimization algorithm for handling multi dimensional data at the algorithmic level. 

Class imbalance problems show the presence of other problems like small disjuncts, and 

overlapping in data which can make classification much more difficult. In third objective  we 

propose to implement efficient technique to handle small disjunct present in the data. 

Chapter 3 outlines framework for balancing imbalanced datasets using pre-processing technique 

to advance the performance of the classification algorithm has been proposed. In this work, 

presents techniques to handle outlier and redundancy data present in skewed data distribution. 

Chapter 4 dicussses the problems encountered with high dimensional data and propose an 

optimization algorithm for multi dimensional data at the algorithmic level. 



Chapter 5 presents various hybrid techniques proposed in the literature and propose efficient 

techniques to overcome small disjunct and overlapping in the data. 

Chapter 6 concludes and discuss the future work in specify to class imbalance problem. 

A detailed discussion on each objective and its methodology will be presented in the 

subsequence chapters. 

 



3. MECHANISM FOR HANDLING OUTLIERS AND REDUNDANCY EXIST IN DATA 

Data imbalance remains a challenge for traditional machine learning algorithms affecting the 

classification problems. It occurs with uneven class distribution, wherein one class with more 

number of samples called majority class overtake other class with less number of samples called 

minority class. Accordingly, the learning algorithms bias toward the majority class samples 

while training the model. One of the most simple and popular methods to ease the imbalanced 

data problem is data-level techniques. This techniques, also called as re-sampling techniques in 

which the training data is preprocessing in order to balance the data sets before giving to 

machine learning algorithm. 

 

3.1  INTRODUCTION 

Data imbalance prevalent in major domains including disease prediction, cancer malignancy 

grading, software defect prediction, network traffic classification, stock trend prediction [3], and 

many more. In the literature, a large number of techniques has been proposed to lessen the effect 

of class imbalance during model training [1,2,4] . These techniques are broadly categorized into 

data-level or data pre-processing techniques and algorithm- level technique. In the former, the 

imbalanced data is transform to well balanced data prior to classification either by generating the 

new samples for minority class called oversampling, or by removing the existing samples from 

majority class called undersampling. While in second, the existing algorithms are customized to 

better  accommodate the imbalance nature of the data. The existing algorithms are alleviated to 

reduce the bias towards the majority class samples during learning process. In comparison to 

algorithm-level methods, data-level techniques are more general because they do not depend on 

any particular learning classification algorithms, and can be combined with different techniques, 

for example, active learning  and ensemble approaches effectively. In data preprocessing, 

resampling methods are most powerful techniques for handling class imbalance problems. 

 

 

 

 3.2 BACKGROUND: 

At data level, a resampling technique is applied to balance the skewed data distribution. Re-

sampling techniques such as oversampling, under-sampling or combination of both i.e, under and 



over sampling has been successfully applied on imbalanced datasets. Data level methods adjust 

the data collection to solve the disparity by attempting to fit all categories in the data set. In the 

past fifteen years, a bunch of oversampling and under-sampling algorithms have been proposed. 

One of the most popular among them is Synthetic Minority Oversampling TEchnique (SMOTE) 

proposed by Chawla [9]. SMOTE uses interpolation to generate synthetic samples for minority 

class. SMOTE-based improved sampling algorithms were very popular in data-level techniques 

[6-7]. Under-sampling and over-sampling can improve the accuracy of the classifiers by 

balancing the skewed distribution. However, they may be challenging because important 

information may be lost while undersampling and redundant or inappropriate samples may be 

generated while oversampling and  most of the oversampling techniques at data level may 

generate data samples very much similar to existing samples by considering only the nearest 

neighbour samples. However, the major drawback of SMOTE is oversample the data blindly 

called as bind oversampling [13]. The existence of noise and redundancy may exist in the data 

after SMOTE. 

The main aim of this work is to effeciently handle noise and redundancy exist in the data. The 

next section addresses the technique for handling the existence of noise in data after 

oversampling. 

3.3 METHODOLOGY TO ADDRESS PRESENCE OF NOISE IN DATA: 

The intuition behind our approach is to remove the outliers existing in the data samples after 

generating the synthetic samples for minority classes. The proposed approach is compared with 

the common Synthetic Minority Oversampling Techniques (SMOTE) proposed by Chawla et al 

[9]. The SMOTE technique oversamples the minority classes by generating synthetic data by 

introducing data samples along the line segments that connect any of the k nearest neighbour’s 

minority class sample.  

Our proposed method comprises of two stages. Stage one is preprocessing stage and the second 

stage is for model generation. To generate the synthetic data for minority samples, in the initial 

stage we divided the complete samples into minority and majority data samples based on their 

class label. Then, for minority samples, we generated synthetic data using SMOTE. The 

synthetic data samples are generated to balance the class samples. Then, we combine the data 

samples of both positive (minority) and negative (majority) class which represent balance data 



sets. Now, we find the outliers in the data and measure the diversity in the data sets using 

Mahalanobis distance. This measure is adopted because it works well to eliminate the data 

diversity. It is adopted for the reason that its multivariate effect size. Using this measure, we 

generate the ranks and sort the data instances in decreasing order to their distance. We eliminate 

the data samples that are far or close from the centre and consider the remaining data samples for 

the next stage. In the second stage, we performed model generation using the data samples 

produce from the first stage. The proposed SMOTE+MD (Modified SMOTE) method is showed 

in Figure 3.1. 

 

 

Figure 3.1:  The Working model of SMOTE+MD Method 

3.3.1 Smote And Its Drawbacks 

Synthetic Minority Oversampling TEchnique (SMOTE) generates artificial data using the k-

nearest neighbour algorithm. [9]. This technique selects the data instances that are the nearest 

neighbour’s using Euclidean distance. After synthetic sample generation, some problems usually 



present in the data instances. However, selecting only those data samples that are closer to the 

existing samples may pose the potential challenge of generating noise and sparse data instances. 

The figure 3.2 presents examples of data samples before sampling and after sampling. 

 

 

Figure 3.2: Class Imbalance Data; (a) Original samples (b) Synthetic samples generated for 

minority samples (c) Resampled data 

From figure 3.2, we depict that the samples generated after oversampling may tend to fall outside 

the boundary regions i.e, in the region of the other class. These samples are treated as outliers 

and when we train such data-sets on classification algorithm will lead to performance downfall. 

3.3.2 Mahalanobis Distance 

To overcome this problem, we proposed Modified SMOTE to remove the outliers exist in the 

data after oversampling. This technique brings into effect the Mahalanobis distance for outlier 

identification. Based on the Mahalanobis distance the samples that are far away are eliminated 

by considering them as outliers. 

For a given class dominance data-set, the proposed Modified SMOTE approach identifies the 

extreme data points present after generating new minority samples using SMOTE.  SMOTE 

make use of Euclidean distance while generating new samples. The Euclidean distance works 

well for univariate data but it generate redundant samples in case of multivariate data. To 

overcome this drawback, the proposed Modified SMOTE method empoly Mahalanobis distance 

to remove outliers appeared in the data after synthetic samples generation. Mahalanobis distance 



measure [127] is considered as unit-less measure and provides instance distances for detecting 

outliers.  Consider two data samples x = (x1, x2, x3,….,xn)
T and y = (y1, y2, y3,….,yn)

T , the 

Mahalanobis distance between them is defined in equation 1 

 

 𝑑 (𝑥, 𝑦) = (𝑥 − 𝑦)𝑇𝑆 − 1(𝑥 − 𝑦) -------------------------------- (1) 

 

Where, S-1 is the covariance matrix. The main motivation behind using Mahalanobis distance is 

to find the samples nearer and extreme behind from a specified data point. The metric helps to 

grade the data samples based on their distance and by categorization it in non-decreasing order 

we can easily identify the samples that are outliers in the given data. It works well for 

multivariate datasets and also overcomes the inherent scale and correlation problems, associated 

with Euclidean distance.  

 

3.3.3 Datasets Description 

The experimental methodology are implemented on 9 datasets taken from Keel machine learning 

repository. The results are collated with state-of-the methods from the literature. The results and 

discussion are covered in the next section. 

  

 

 

Table 3.1: Datasets Used in the Experiment 

Dataset No. of Attributes IR 

glass 1 9 1.82 

glass 6 9 6.38 

Haberman 3 2.78 

iris0 4 2 

new_thyroid 1 5 5.14 

new_thyroid 2 5 5.14 



Pima 8 1.87 

vehicle0 18 3.25 

Wisconsin 9 1.86 

 

 

The following 9 datasets were used in the experiment. The detail description of the data is 

mentioned below 

1: Glass  

A imbalanced version of the Glass data set, where the possitive examples belong to class 0 and 

the negative examples belong to the rest. 

 Type.    Imbalanced  

 Origin.   Real world 

 Instances.   214 

 Features.   9 

 Classes.   2  

 Missing values.  No 

 IR:     2.06 

2.Haberman  

A imbalanced version of the Haberman data set, where the classes has been renamed to positive 

and negative. 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  306 

 Features.  3 

 Classes.  2  

Missing values. No 

 IR:    2.68 

 

3. Iris 

This is an imbalanced version of the well-known Iris data set. There are 2 classes defined: 

positive (the old iris-setosa class) and negative (the old iris-versicolor and  iris-virginica classes). 



 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  150 

 Features.  4 

 Classes.  2  

 Missing values. No 

 

4. Thyroid Disease  

A imbalanced version of the New Thyroid data set, where the possitive examples belong to class 

2 (hyperthyroidism) and the negative examples belong to the rest. 

 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  215 

 Features.  5 

 Classes.  2  

 Missing values. No 

 IR:    5.14 

 

5. Pima 

A imbalanced version of the Pima data set, where the classes has been renamed to positive and 

negative. 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  768 

 Features.  8 

 Classes.  2  

 Missing values. No 

 IR:    1.90 

 



6. Vehicle  

A imbalanced version of the Vehicle Silhouettes data set, where the possitive examples belong to 

class 0 (Van) and the negative examples belong to the rest. 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  846 

 Features.  18 

 Classes.  2  

 Missing values. No 

 IR   3.23 

 

7. Wisconsin  

A imbalanced version of the Wisconsin data set, where the classes has been renamed to positive 

and negative. Moreover, instances with missing values have been removed. 

 Type.   Imbalanced  

 Origin.  Real world 

 Instances.  683 

 Features.  9 

 Classes.  2  

 Missing values. Yes 

 IR:    1.86 

 

The following section presents the experimental results of the proposed method in detail. 

 

3.3.4 Experiments and Results: 

We have used five classification algorithms as mentioned in table 3.2. The experiments are 

carried out using 10-fold cross validation technique using Decision Trees (C4.5) classification 

algorithm. Table 3.3 presents the performance of Modified SMOTE with existing techniques. 

From the results, the proposed Modified SMOTE acheived better performance compared to that 

of the existing techniques. 

Table 3. 2: Classification Algorithms Used 



Algorithm Name Abbreviations 

Decision tree algorithm C4.5 

Naïve Bayes algorithm NB 

K-Nearest-Neighbor 

algorithm 
k-NN 

Support Vector Machine SVM 

Incremental Reduced Error 

Pruning 
RIPPER 

 

Table 3.3:  Overall Performance Metrics of C4.5 

Algorith

m 
Dataset IR 

measur

e 

SMOT

E 

SMOT

E+ 

ENN 

SMOTE+ 

Tomek_Li

nk 

SMOTE+

MD 

c4.5 

glass1 
1.8

2 

precisio

n 
0.783 0.849 0.817 0.762 

recall 0.779 0.849 0.815 0.759 

f-

measure 
0.779 0.849 0.816 0.759 

G-mean 0.781 0.849 0.816 0.76 

RMSE 0.4492 0.3772 0.4044 0.4624 

Accurac

y 

77.93

% 
84.88% 81.54% 75.94% 

AUC 0.788 0.869 0.842 0.773 

glass6 
6.3

8 

Precisio

n 
0.973 0.966 0.969 0.94 

recall 0.973 0.965 0.969 0.94 

f-

measure 
0.973 0.965 0.969 0.94 

G-mean 0.973 0.965 0.969 0.94 

RMSE 0.164 0.1863 0.1751 0.2452 



Accurac

y 

97.30

% 
96.52% 96.91% 93.97% 

AUC 0.973 0.966 0.98 0.929 

Haberman 
2.7

8 

Precisio

n 
0.666 0.839 0.805 0.675 

recall 0.664 0.838 0.806 0.673 

f-

measure 
0.663 0.837 0.804 0.671 

G-mean 0.665 0.838 0.805 0.674 

RMSE 0.4805 0.3774 0.4001 0.4799 

Accurac

y 

66.39

% 
83.85% 80.59% 67.25% 

AUC 0.676 0.861 0.834 0.717 

iris0 2 

Precisio

n 
0.994 0.994 0.994 0.994 

recall 0.994 0.994 0.994 0.993 

f-

measure 
0.994 0.994 0.994 0.993 

G-mean 0.994 0.994 0.994 0.993 

RMSE 0.0791 0.0791 0.0791 0.0811 

Accurac

y 

99.38

% 
99.38% 99.38% 99.34% 

AUC 0.994 0.994 0.994 0.993 

new_thyroi

d 1 

5.1

4 

Precisio

n 
0.986 0.975 0.975 0.989 

recall 0.986 0.975 0.975 0.989 

f-

measure 
0.986 0.975 0.975 0.989 

G-mean 0.986 0.975 0.975 0.989 

RMSE 0.1173 0.1561 0.1542 0.1041 



Accurac

y 

98.61

% 
97.54% 97.54% 98.91% 

AUC 0.991 0.977 0.98 0.995 

new_thyroi

d 2 

5.1

4 

Precisio

n 
0.976 0.983 0.986 0.985 

recall 0.976 0.982 0.986 0.985 

f-

measure 
0.976 0.982 0.986 0.985 

G-mean 0.976 0.982 0.986 0.985 

RMSE 0.1535 0.132 0.1181 0.1204 

Accurac

y 

97.57

% 
98.25% 98.60% 98.54% 

AUC 0.986 0.973 0.989 0.991 

Pima 
1.8

7 

Precisio

n 
0.719 0.849 0.788 0.747 

recall 0.718 0.849 0.788 0.745 

f-

measure 
0.718 0.849 0.788 0.745 

G-mean 0.718 0.849 0.788 0.746 

RMSE 0.4609 0.3695 0.4227 0.4507 

Accurac

y 

71.82

% 
84.91% 78.79% 74.54% 

AUC 0.747 0.845 0.814 0.759 

vehicle0 
3.2

5 

Precisio

n 
0.952 0.974 0.969 0.958 

recall 0.952 0.974 0.969 0.957 

f-

measure 
0.952 0.974 0.969 0.957 

G-mean 0.952 0.974 0.969 0.957 

RSME 0.211 0.1563 0.1744 0.2008 



Accurac

y 

95.16

% 
97.43% 96.90% 95.73% 

AUC 0.963 0.979 0.973 0.968 

Wisconsin 
1.8

6 

Precisio

n 
0.958 0.973 0.967 0.975 

recall 0.958 0.973 0.967 0.975 

f-

measure 
0.958 0.973 0.967 0.975 

G-mean 0.958 0.973 0.967 0.975 

RMSE 0.197 0.1629 0.1756 0.1514 

Accurac

y 

95.77

% 
97.26% 96.70% 97.49% 

AUC 0.965 0.978 0.979 0.982 

 

The proposed method, SMOTE+MD was compared with SMOTE, SMOTE+ENN, 

SMOTE+Tomek Link on various datasets. It has been observed that SMOTE+MD demonstrated 

best results on thyroid and Wisconsin datasets when evaluated using accuracy and AUC metric. 

The experimental results show 98.9% and 97.49% respectively using accuracy, 99.1% and 

98.2% respectively using AUC metric. 

From the results the proposed SMOTE+MD consistently outperformed on various datasets using 

C4.5.  The C4.5 classification algorithm trained on SMOTE+MD had better  on par with other 

sampling techniques. 

 

3.4 METHODOLOGY TO ADDRESS REDUNDANCY IN DATA: 

We proposed Earth Mover's distance based undersampling to balance the skewed data 

distribution. EMD is a similarity measure widely used in computer vision, machine learning, 

image retrieval, etc. In the literature, EMD distance have been applied for Automatic Short 

Answer Grading (ASAG) for students grading system [96].  It finds the dissimilarity between 

two multi-dimensional data distributions.The main motivation of EMD technique is to find the 

similarity index between the instances. If two instances have the same similarities, one may be 



excluded as a redundant selection from the datasets. This method is used to exclude the bulk of 

samples depending on their resemblance index in order to balance the data collection. EMD 

operates by finding the expense to be charged to convert a sample from one delivery to another. 

It is a technique of optimization applied to transport problems. 

The proposed frameworks mainly focus on 1) noisy 2) redundancy and 3) outliers in the given 

data. The framework eliminates the highly redundant data based on the similarity index 

calculated using Earth Mover's distance.  Consider binary class imbalanced data-set ‘D’ with ‘M’ 

observations with ‘N’ features, the EMD framework split the data into negative (majority) class 

and positive (minority) class. The EMD undersampling takes negative (majority) class samples 

and calculates the similarity index of each data point with that of the others. The proposed 

framework works in two phases 1) Data pre-processing phase 2) Classification phase. 

In Data pre-processing phase, the given dataset D is divided into majority and minority classes. 

The undersampling technique considers majority samples to balance the dataset, so EMD 

calculates the similarity distance among the majority samples to identify the redundant samples 

and eliminate them from the original dataset. This technique leads to a smaller majority subset 

without redundant, noisy or outlier samples. Then, the new positive sample class is combined 

with minority class. In the next stage, the new dataset is trained on classification algorithms.  

 

Figure 3.3 EMD-Based Undersampling Approach 

The working model of the proposed framework is shown in the Figure 3.3. 

 



3.4.1 Earth Mover’s Distance 

Earth Mover’s Distance (EMD) is a similarity based distance metric. EMD-based under-

sampling technique is proposed to compute the similarity of negative (majority) samples and 

eliminate them as redundant. The EMD method is a popular distance method often used in 

computer vision [96].  

The EMD describes the cost that must be paid to convert from one distribution into the other. 

The EMD measures the least amount of effort needed to fill the holes with the earth. It is a linear 

optimization technique applied to the transportation problem. For this problem, the EMD finds 

the least expensive flow required to move from one distribution to another according to some 

given constraints. The solution to EMD is based on a well-known transportation problem, first 

introduced by Monge in 1985. 

 

Intuitively, the solution is to find the minimum amount of job needs to transform one element 

into the other. This can be formalized as the following linear programming problem. Let R = 

{(r1, wr1), …, (rm, wrm)} be the supplier with m clusters, where ri is the cluster representative and 

wrm is the weight of the cluster; S = {(s1, ws1), …, (sn, wsn)} the consumer with n clusters; and D 

= [dij] the distance matrix where dij is the distance between cluster ri and si. We want to find a 

flow ‘F’ that minimizes the overall cost between ri and si. The flow F fij among ri and si is 

computed by equation given below. 

 

 

3.4.1 Dataset Applied 



The proposed method yields a superior performance on 21 data-sets from keel repository as 

shown in table 3.4. The detail description of the data is presented in section 3.3.3. 

   Table 3.4: Description of the experimental Data sets 

Dataset Name Imbalance Ratio 
No. of 

Features 
Total No. of 

samples 

ecoli-0_vs_1 1.86 7 220 
ecoli1 3.36 7 336 
ecoli2 5.46 7 336 
ecoli3 8.19 7 336 
glass0 3.19 9 214 

glass-0-1-2-3_vs_4-5-6 19.44 9 192 
glass1 10.39 9 214 
glass6 6.38 9 214 

Haberman 2.68 3 306 
iris0 2 4 150 

new-thyroid1 5.14 5 215 
new-thyroid2 4.92 5 215 
page-blocks0 8.77 10 5472 

Pima 1.9 8 768 
vehicle0 3.23 18 846 
vehicle1 2.52 18 846 
vehicle2 2.52 18 846 
vehicle3 2.52 18 846 

Wisconsin 1.86 9 683 
yeast1 2.46 8 1484 
yeast3 8.11 8 1484 

 

3.4.2 Experiments And Results 

We trained on five single classification algorithms namely Decision tree (C4.5), k-Nearest 

Neighbor (k-NN), Support Vector Machine (SVM), Multi Layer Perceptron (MLP) and the 

Naive Bayes (NB) and one ensemble algorithm called AdaBoost using C4.5 classifier. The 

proposed method yields a superior performance on 21 data-sets from keel repository as shown in 

table 3.4. 

Experiments are being carried out using 10-fold cross-validation technique using Decision tree 

(C4.5), k-Nearest Neighbor (k-NN), Support Vector Machine (SVM), Multi Layer Perceptron 

(MLP) and the Naive Bayes (NB) and one ensemble algorithm called AdaBoost using C4.5 



classifier.  Table 3.5 shows the AUC performance results using the C4.5 classification algorithm. 

From the results, proposed Modified SMOTE achieved better performance over the baseline 

technique with C4.5 classification. Table 3.6 shows the AUC performance of ensemble 

(AdaBoost using C4.5) classifier. 

 

 

Table 3.5: The performance (AUC) of different approaches with C4.5 classifier 

Dataset Name 
State-of-the-art approaches 

Proposed 
Approach 

RUS TL C-NN ROS SMOTE EMD 
ecoli-0_vs_1 0.98 0.98 0.969 0.983 0.969 1 

ecoli1 0.9 0.902 0.883 0.9 0.898 0.932 
ecoli2 0.884 0.881 0.899 0.888 0.87 0.903 
ecoli3 0.908 0.894 0.856 0.885 0.882 0.92 
glass0 0.814 0.824 0.813 0.839 0.818 0.929 

glass-0-1-2-3_vs_4-5-6 0.904 0.917 0.93 0.946 0.894 0.901 
glass1 0.737 0.752 0.763 0.728 0.748 0.902 
glass6 0.904 0.926 0.918 0.931 0.885 0.945 

Haberman 0.664 0.668 0.655 0.656 0.658 0.751 
iris0 0.99 0.98 0.99 0.98 0.99 0.99 

new-thyroid1 0.964 0.969 0.958 0.975 0.955 0.975 
new-thyroid2 0.958 0.938 0.938 0.961 0.947 0.944 
page-blocks0 0.958 0.959 0.948 0.953 0.952 0.983 

Pima 0.76 0.753 0.726 0.751 0.758 0.827 
vehicle0 0.952 0.954 0.958 0.965 0.945 0.964 
vehicle1 0.787 0.761 0.747 0.769 0.765 0.801 
vehicle2 0.964 0.964 0.97 0.966 0.957 0.99 
vehicle3 0.802 0.784 0.765 0.763 0.764 0.894 

wisconsin 0.96 0.971 0.964 0.96 0.957 0.982 
yeast1 0.722 0.721 0.719 0.734 0.716 0.849 
yeast3 0.934 0.944 0.925 0.944 0.94 0.942 

 

The proposed method, EMD based undersampling was compared with RUS, Tomek Link, C-

NN, ROS and SMOTE on various datasets. It has been observed that EMD demonstrated best 

results on ecoli, thyroid, pima and Wisconsin datasets when evaluated using AUC metric. The 

experimental results show 93.2%, 97.5%, 82.7% and 98.2% respectively.  



 

The figure 3.4 shows the graphical representation of the AUC performance using C4.5 Classifier.

 

Figure 3.4: Comparison of AUC performance for all data

 

Table 3.6: Classification AUC of ensemble classifiers using EMD

Dataset Name 
AdaBoost 

C4.5

ecoli-0_vs_1 100%
ecoli1 94.88%
ecoli2 97.53%
ecoli3 95.83%
glass0 96.24%

glass-0-1-2-
3_vs_4-5-6 

95.61%

glass1 92.02%
glass6 96.94%

haberman 85.06%
iris0 98.95%

new-thyroid1 98.10%
new-thyroid2 96.63%
page-blocks0 99.26%

pima 88.93%
vehicle0 98.93%
vehicle1 89.35%
vehicle2 99.41%
vehicle3 92.44%
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The figure 3.4 shows the graphical representation of the AUC performance using C4.5 Classifier.

Figure 3.4: Comparison of AUC performance for all data-sets using single classificat

Table 3.6: Classification AUC of ensemble classifiers using EMD-undersampling approach

AdaBoost 
C4.5 

AdaBoost k-
NN 

AdaBoost 
SVM 

AdaBoost NB

100% 99.09% 100% 99.55%
94.88% 92.15% 91.13% 92.49%
97.53% 97.17% 92.23% 97.53%
95.83% 90.06% 90.38% 91.03%
96.24% 87.79% 74.65% 60.56%

95.61% 89.76% 92.68% 92.68%

92.02% 84.98% 64.79% 68.08%
96.94% 97.45% 97.45% 96.94%
85.06% 73.18% 78.54% 79.69%
98.95% 100% 100% 100%
98.10% 98.10% 99.05% 99.05%
96.63% 98.56% 99.04% 98.56%
99.26% 100% 99.04% 98.56%
88.93% 75.98% 76.79% 76.25%
98.93% 93.96% 96.69% 66.39%
89.35% 77.04% 78.11% 74.08%
99.41% 97.28% 95.38% 91.01%
92.44% 78.61% 76.83% 75.53%
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The figure 3.4 shows the graphical representation of the AUC performance using C4.5 Classifier. 
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wisconsin 99.51% 98.19% 99.34% 97.54% 98.85% 
yeast1 88.58% 75.45% 74.76% 76.75% 78.40% 
yeast3 98.21% 92.23% 91.63% 94.02% 97.16% 

 

The figure 3.5 shows the graphical representation of the AUC performance using various 

ensemble Classification algorithms. 

 

Figure 3.5: Comparison of AUC performance for all data-sets using ensemble classification 

models 

 

From the results, we state that our proposed EMD-undersampling method combined with 

ensemble AdaBoost technique achieved outstanding classification accuracy performance than 

other existing approaches. The overall classification accuracy for all five traditional and 

ensemble classifiers using the EMD-based undersampling technique is presented in Table 3.7. 

Table 3.7: Average classification AUC of different classifiers 

Algorithm Single Ensemble 
C4.5 0.93152 0.95353 
k-NN 0.90475 0.90335 

SVM 0.84886 0.88977 

NB 0.84886 0.86966 
MLP 0.93408 0.94245 

 

The figure 3.6 shows the graphical representation of the EMD performance using single and 

ensemble Classification algorithms. 
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Figure 3.6: Comparison of average AUC for all data

 

3.5 SUMMARY: 

Most of the classification algorithms imagine that the given datasets are well

world datasets are largely imbalanced in general, 

can lead to performance degradation.

literature using data level statergies. The data level or preprocessing techniques balance the 

skewed data distribution using resampling techniques. The proposed SMOTE+MD model 

removes the presence of outliers in the data after oversampling. This technique uses mahalanobis 

distance  to remove the outliers that may exist in the data after performing oversampling using

SMOTE technique. The proposed method was tested on 9 datasets taken from keel repository 

and the results are compared with SMOTE, SMOTE+ENN, SMOTE+Tomek

k-NN, NB classification algorithms. The proposed approach acheived better performance

compared to the existing techniques.

The experimental under-sampling methodology for skewed distribution of data known to as 

Earth Mover's Distance Method. EMD is used to calculate the similarity of the samples. The 

suggested solution is used as a data le

without any loss of information.

art methods namely Random Under

Neighbour (C-NN), Random Over
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sets using single and ensemble 

Most of the classification algorithms imagine that the given datasets are well-balanced. But real-

and when trained on standard classifiers, they 

To solve this problem, many techniques are proposed in the 

literature using data level statergies. The data level or preprocessing techniques balance the 

bution using resampling techniques. The proposed SMOTE+MD model 

removes the presence of outliers in the data after oversampling. This technique uses mahalanobis 

distance  to remove the outliers that may exist in the data after performing oversampling using 

SMOTE technique. The proposed method was tested on 9 datasets taken from keel repository 

and the results are compared with SMOTE, SMOTE+ENN, SMOTE+Tomek-Link using C4.5, 

NN, NB classification algorithms. The proposed approach acheived better performance 

sampling methodology for skewed distribution of data known to as 

Earth Mover's Distance Method. EMD is used to calculate the similarity of the samples. The 

vel strategy to eliminate redundant majority samples 

The proposed EMD technique was compared with state-of-the-

Sampling (RUS), Tomek Link (TL), Condensed Nearest 

Sampling (ROS), Synthetic Minority Oversampling 



TEchnique (SMOTE). The result datasets were trained on single classifier such as C4.5 Decision 

tree (DT), k-Nearest Neighbor (k-NN), Multilayer Perceptron (MLP), Support Vector Machine 

(SVM), Naive Bayes (NB) and ensemble classfier (AdaBoost) technique. The proposed 

techniques result in 99.1% Area Under Curve performance and an increase of 3% in comparision 

with existing techniques there by improving superior performance on various data-sets taken 

from  keel repository. 

 



4. OPTIMIZATION TECHNIQUES FOR HANDLING MULTI DIMENSIONAL DATA 

AT THE ALGORITHMIC LEVEL 

Classification has a significant position in the field of machine learning and data mining. Most 

traditional classification algorithms work well in a condition of balanced sample distribution 

among the classes. However, when class division is imbalanced, classifiers often encounter 

performance degradation [63]. Conventional classifiers need to be changed or modified, to 

address the issue of imbalance class distribution problem (imbalanced dataset) in classification. 

A dataset is said to be imbalanced when there are more number of instances in at least one class 

compared to the others. The class with the maximum number of instances is considered as 

negative (majority) class, while a class with fewer instances is represented as positive (minority) 

class. [61]. 

4.1 INTRODUCTION 

In imbalance classification problem, positive (minority class) is frequently the class of interest, 

and the cost of misclassification is superior towards positive (minority) class than it is with the 

others [53]. For instance, in cancer diagnosis many more people will not have cancer in 

comparison to those who have it. If a patient suffering from cancer is mistakenly diagnosed as 

not having it, disaster may arise as treatment is not given. Class imbalance problems have paying 

attention by research community but a few works have concentrated on feature selection in an 

imbalanced datasets. To handle class imbalance problems, we developed a novel fitness function 

for feature selection using chaotic salp swarm optimization, an efficient meta-heuristic 

optimization algorithm that has been successfully applied in a wide range of optimization 

problems. We proposed an Adaboost algorithm with chaotic salp swarm optimization. The most 

discriminating features are selected using salp swarm optimization and Adaboost classifiers are 

thereafter trained on the features selected. Experiments show the ability of CSSA to find the 

optimal features with performance maximization of Adaboost classifier. 

 

 

 

 

4.2 BACKGROUND 



Classification of imbalanced datasets is a complicated problem that several researchers have 

discussed. Many methods have been suggested to work with imbalanced data and can be 

summarized into three categories: data level strategies, algorithm level strategies and cost 

sensitive algorithms.  

Strategies at the algorithmic level focus on changing existing classification algorithms to 

improve the capability of classifiers to learn from positive (minority) classes. The cost-sensitive 

and one-class learning are common techniques proposed in the literature [68, 90, and 104]. In 

order to increase the classifier learning potential, cost-sensitive algorithms adopts a cost matrix 

by assigning higher misclassification costs to minority samples while training the algorithm. 

Researchers have suggested many approaches in this respect, including the combination of data-

level approaches with cost-sensitive learning, the cost of indentifying important features before 

classification, and the cost of using class distribution prior to classification [90, 91]. 

The algorithm worked significantly well in identifying the important features. Li et al. [141] 

proposed an adaptive classifier to balance the skewed data distribution very competently. The 

algorithm employed feature selection and preprocessing to learn from multiple classifiers. Yung 

et al. [142] used graphic and math model to analyze the multi-class AdaBoost algorithm and 

proposed a new kind of multi-class classification method to decrease the accuracy of the weak 

classifier effectively. The Extreme Learning Machine (ELM) is an effective multi-classification 

learning algorithm but does not work for imbalanced datasets. By enclosing weighted ELM 

algorithms in the AdaBoost framework, the author [143] suggested AdaBoost weighted 

composite kernel ELM. For each sample, this architecture integrates spatial and spectral 

information into the composite kernel. The combination of composite kernel methods and the 

AdaBoost architecture with weighted ELM provided excellent performance in increasing the 

classification accuracy. An enhanced AdaBoost algorithm with a weight vector was presented in 

[145]. In order to represent the recognition power of the base classifiers, the weight vector 

assigns weight to each individual class. This algorithm greatly increases the precision of 

classification by preventing over fitting. For imbalanced data classification, an ensemble 

evolutionary algorithm was suggested by Kewen et al. [144]. For better classification, they 

applied genetic algorithms to the AdaBoost classifier. In [146] the author proposed four different 

algorithms based on exceeded threshold value of negative class samples. The algorithms are 

defined based on threshold growth such as A-AdaBoost, B-AdaBoost, C-AdaBoost and D-



AdaBoost. The algorithms provide effective results when handling imbalanced data. In the study, 

Particle Swarm Optimization (PSO) was used to sort out the problems of class imbalance, but the 

key difficulty of the PSO algorithm is that in high-dimensional space it may fall into the local 

optimum and has a low convergence rate in the iterative process. 

Many machine learning algorithms are not designed to tackle broad characteristics and issues 

with class imbalance suffer from high dimensionality of features. [134]. Most of the methods 

proposed feature selection in efficient manner, widely identified as curse of dimensionality. The 

selection of features is categorized into two methods 1. Filter methods 2. Wrapper methods. In 

filter-based methods the features are selected based on the properties of the data without using 

learning algorithms whereas, wrapper method uses learning algorithm to select the optimal 

feature subset. In compared to filter methods, the wrapper methods are more accurate but 

computationally expensive. Many studies realized the significance of feature selection but most 

approaches have been proposed for extremely skewed class distribution using wrapper method 

[134,141, 143]. 

In this work, we proposed a novel fitness function based on feature selection using Chaos Salp 

Swarm Optimization (CSSA) using AdaBoost classification. It provides a solution to poor local 

optima in optimization problems, particularly when the labeled training data is limited. 

Performance evaluation is done using AUC (Area Under Curve) which is mainly used for 

evaluating imbalanced data trained on the classifier. Further, using of chaos salp swarm 

optimization to avoid the inertia in local optima and also to avoid low convergence rate while 

selecting the features. The SSA algorithm has good convergence acceleration process with 

excellent solution. It is pretty good for any kind of optimization problems. SSA provides 

adaptability, robustness, and scalability in solving any kind of problem. It is straightforward to 

implement and takes reasonable time for execution. AdaBoost algorithm works very well with 

weak classifiers and different classification algorithms can be applied as weak classifiers. 

AdaBoost show a high degree of precision for any kind of problem. 

 

4.3 METHODOLOGY TO HANDLE MULTI DIMENSIONAL DATA AT THE 

ALGORITHMIC LEVEL. 

Evolutionary and swarm-based algorithms have recently been frequently used for the problem of 

selecting features. By applying agents to reach an optimal solution, these algorithms adaptively 



check the feature space. The bio-inspired optimization algorithms have been widely used in 

attribute (feature) selection namely Ant Colony Optimization (ACO), Particle Swarm 

Optimization (PSO), Artificial Bee Colony (ABC), Ant Loin Optimizier (ALO), cuckoo search 

algorithm, Salp Swarm Algorithm (SSA). The above algorithms have been broadly used for 

attribute/ feature selection but our study focus more on imbalanced dataset feature selection. We 

present a novel fitness function based on attribute selection using Chaos Salp Swarm 

Optimization (CSSA) using AdaBoost classification. 

The Salp Swarm Algorithm (SSA) is a meta-heuristic algorithm based on nature was proposed in 

2017 by Mirjalili [136]. SSA emerged from the swarming behaviour of heavy oceans. For 

optimum locomotion based on foraging in the oceans, they form a swarm recognized as salp 

chain. The population in SSA is divided into the leader and the followers groups. The leader 

occupied the front role of the swarm, followed subsequently by the remaining swarms as 

followers. The salp location is represented in the n-dimensional search space, where the number 

of dimensions or characteristics is 'n'. On a two-dimensional matrix called x, the positions of all 

salps are denoted. In the target search space, 'F'denotes the food source. 

The mathematical model for updating the leaders' positions is as follows (Eq:1): 

 

Where xi1 represents the salp position known as i -1th dimension of leaders, upn and lwn denotes 

the upper and lower boundaries respectively at the i-1th dimension. The food location at the i-1th 

dimension is Fi and the random numbers are represented as r1, r2, r3. The r1 mathematical 

definition is expressed as follows (Eq: 2): 

 

where ‘K’ represents maximum iterations and the current iteration is defined by k. The random 

number r2, r3 is generated in the range [0,1] uniformly.  A detailed description of Salp swarm 

optimization algorithm is presented in Algorithm as below. 

 

Algorithm: Salp Swarm Optimization Algorithm 



1. Initialize maximum number of iterations Maxit, upper boundary up, lower boundary lw, 

population size n, number of dimensions as dim,  fit be the fitness function. 

2. Randomly initialize the positions of salps x{i}
j corresponding to up and lw, where i=1, 

2,….., n and t = 1,2, ….. ,Maxit. 

3. Initialize t=1  

4. Repeat 

5. Evaluate the fitness function of each salp position fit(xi
j). 

6. Set the best salp position to xbest 

7. Update r1 according to Eq.(2)  

8. For each salp  

    (8.1) If j==1, update the leading salp position by Eq. (1)  

    (8.2) Otherwise, the follower salp position need to be updated  

      (8.3) Evaluate fitness function for every salp.  

      (8.4) update xbest if superior solution found. \newline 

       9.   until (t < Maxit)  

      10.  Return the best salp position xbest. 

 

 

 

 

 

 

4.3.1 The Chaos Salp Swarm Optimization (CSSA)-Adaboost Model 

The AdaBoost algorithm combines multiple weak classifiers into one single strong classifier by 

adjusting its weights at each iteration. The ensemble algorithms focus more on difficult examples 

without class differentiation. But in class dominance problems, the negative (majority) class 

samples add more to the classifier’s accuracy. Therefore, it is simpler to strengthen the true 

negatives instead of enhancing the true positives, which is not desirable. However, to 

overcoming these limitations, ensemble algorithms need be changed or combined with another 

technique to deal with imbalance problem.  



In our approach, SSA algorithm is used to optimize the weights of the weak classifier while 

training using AdaBoost algorithm. SSA is one of the most popular and efficient meta heuristic 

optimization algorithm with a smaller number of parameters. However, suffers with slow 

convergence velocity and trapping in local optima [136]. Therefore, this paper proposes an 

improved CSSA with AdaBoost to boost the performance and to avoid falling into local optima. 

The logistic chaotic map provides high stability compared with tradition SSA. The logistic 

chaotic map with AdaBoost provides an optimal result in handle imbalanced dataset. The 

framework of our proposed approach is presented in Figure 4.1. 

 

 

Figure 4.1: The proposed CSSA-AdaBoost approach 

 

4.3.2 Data Set Applied 

The proposed algorithm is evaluated using 15 Keel repository data sets with different imbalance 

ratios (IR) (https://sci2s/ugr.es/keel/imbalanced:php). Table 4.1 shows the details of the 

imbalanced datasets with number of attributes /features and imbalance ratio. 

 

Table 4.1 Imbalanced datasets along with its description 



Dataset No. of Features No. of Samples IR 

Breast Cancer 9 286 2.36 
Elico 7 220 1.86 
Glass 9 214 1.82 

Harberman 3 306 2.78 
Iris 4 150 2 

Pageblock 10 5472 8.79 
Parkinsons 22 195 3 

Splice 60 3190 1.2 
Segment 19 2308 6.02 
Thyroid 5 215 5.14 
Vehicle 18 846 2.88 
Wine 13 178 1.2 
Yeast 8 1484 2.46 

Balance 4 625 1.6 
Zoo 16 101 1.1 

 

 

4.3.3 Performance and Evaluation: 

Our experiments were performed on a personal computer with an Intel (R) Core i5processor and 

8 GB of memory. With various classification algorithms using the Matlab tool, we have 

implemented our proposed algorithm. We have performed three main experiments to assess the 

efficiency of our proposed model. The first experiment aims to examine whether the 

performance of our model can be enhanced by combining feature selection with boosting. Our 

model compares single ensemble models such as C4.5, CSSA-C4.5 and AdaBoost-C4.5 with our 

model. The second experiment was conducted to contrast the performance of SSA and logistic 

chaotic SSA algorithm on 15 datasets. Finally, the CSSA model has been compared with three 

state-of-the-art ensemble methods used to deal with imbalance class distribution problems. 

 

4.3.4 Result Analysis 

Three key experiments were performed to test the proposed model, as described in the previous 

section. The first experiment aims to examine whether the performance of our   model can be 

enhanced by combining feature selection with boosting. Our model is compared with single 

ensemble models such as C4.5, CSSA-C4.5 and AdaBoost-C4.5. The second experiment was 



performed on 15 datasets to compare the SSA performance with logistic chaotic SSA algorithm. 

Finally, the proposed CSSA model was compared with three other state-of-the-art ensemble 

algorithms used to deal with problems of class imbalance. For the classification of the original 

data set, the standard AdaBoost algorithm is used. As the number of weak classifiers increases, 

AUC output continues to improve, but the increase in AUC slows down dramatically when the 

number of weak classifiers exceeds 10. The AUC can hardly strengthen by further increasing the 

number of poor classifiers. Thus, in this experiment, the number of weak classifiers was set at 

10. In the first experiment we observed whether it is feasible to maximize the accuracy of our 

model by integrating feature selection with boosting. Our model is contrast with single ensemble 

models such as the C4.5 classifier, CSSA using the decision tree classifier (C4.5), and AdaBoost. 

Secondly, on 15 datasets, we aim to measure the performance of the SSA and logistic chaotic 

SSA algorithm. Finally, our proposed approach was compared with three state-of-the-art 

ensemble algorithms used to address the class imbalance problem. In the first experiment, we 

investigated whether our model's performance can be enhanced by combining feature selection 

with boosting. Our model is compared with single ensemble models such as the C4.5 classifier, 

CSSA using the C4.5 classifier, and AdaBoost. We performed experiments to compare the 

CSSA-AdaBoost with a simple C4.5 classifier, CSSA with a C4.5 classifier and AdaBoost to 

verify the efficiency of the feature selection and AdaBoost used in our model. 

Different metrics such as precision, G-mean, F-score and AUC have been evaluated. Moreover, 

in terms of precision, the algorithm with feature selection performed better, which means that 

CSSA-AdaBoost is better than AdaBoost and C4.5. From our observation, these findings 

confirm that by eliminating redundant and unrelated features, CSSA optimization improves 

accuracy. We also note that in assessing the output of imbalanced data, both CSSA and 

AdaBoost are successful in terms of accuracy and AUC. Secondly on 15 datasets, we have 

evaluated the performance of the SSA and logistic chaotic SSA algorithm. The main intention of 

this experiment is to examine the AUC, F-Measure and G-Mean metric performance of SSA and 

logistic CSSA algorithms. Finally, we compared our proposed model with other three state-of-

the-art ensemble algorithms used to deal with imbalanced data problems. Finally, our proposed 

method was compared with three state-of-the-art ensemble algorithms used to deal with 

problems of class imbalance. In this comparison, we select three previously suggested ensemble 

algorithms, i.e., SMOTE-Boost, EasyEnsemble, and RUSBoost. All these methods are based on 



sampling and boosting techniques, in which SMOTEBoost uses SMOTE for minority class over-

sampling, while EasyEnsemble and RUS-Boost use random majority class under-sampling 

techniques. All of these algorithms choose various base classifiers (we prefer C4.5 as the base 

classifier), such as SVM, Ripper, CART, etc. In terms of AUC, table 4.2 presents the 

performance of CSSA-AdaBoost along with the three algorithms.  

 

Table 4.2:  Performance Evaluation of CSSA-AdaBoost. 

Dataset SMOTEBoost EasyEnsemble RUSSMOTE CSSA-Adaboost 

Breast Cancer 0.9577 0.9277 0.9177 0.9577 

Elico 0.785 0.864 0.8124 0.8996 
Glass 0.759 0.986 0.9816 0.9917 

Harberman 0.9134 0.9267 0.9367 0.5132 

Iris 0.5142 0.5212 0.5256 0.9576 
Pageblock 0.828 0.878 0.8128 0.9368 
Parkinsons 0.9672 0.9634 0.9734 0.8723 

Splice 0.616 0.623 0.623 0.6944 
Segment 0.9023 0.612 0.612 0.9032 
Thyroid 0.813 1 1 0.9289 
Vehicle 1 1 1 0.9067 
Wine 0.916 0.853 0.853 0.9084 
Yeast 0.674 0.654 0.654 0.6654 

Balance 0.679 0.946 0.946 0.7898 
Zoo 1 0.771 0.771 1 

 



 

Figure 4.2: Performance Comparison of CSSA-AdaBoost with three state-of-the-art algorithms 

in terms of AUC 

 

Overall results of the proposed CSSA method, demonstrated finest results on breast cancer, ecoli, 

glass, iris, pageblock, splice, segment and zoo datasets using AUC metric. The experimental 

results show 95.77%, 89.96%, 99.17%, 95.76%, 93.68%, 69.44%, 90.32% and 100% 

respectively. Further, figure 4.2 indicate that all four algorithms are equivalent, as all of them 

have obtained the best results relative to each others on different datasets. Overall, 

EasyEnsemble and CSSA-AdaBoost are marginally better than the other algorithms, whereas the 

handling of imbalanced datasets with different IRs is more usual with CSSA-AdaBoost. 

 

4.4 SUMMARY: 

Swarm algorithms are commonly used to tackle complex problems with optimization. In this 

chapter, to address class imbalance issues, a novel chaos salp swarm algorithm with AdaBoost 

techniques (CSSA-AdaBoost) was suggested. In this study, logistic chaos mapping along with 

the AdaBoost algorithm was used to improve skewed distribution performance. To select the 

most discriminating function using SSA, the suggested CSSA-AdaBoost algorithm was used. As 

a fitness function, we used AUC, making the CSSA-AdaBoost classifier focus more on minority 

class accuracy. The experimental results demonstrated 99.17% using Area Under Curve using 

C4.5 classifier and perform better than state-of-the-art techniques. Our proposed CSSA approach 

has been compared with state-of-the-art algorithms and the results indicate superior performance. 



In the future, multiple strategies such as preprocessing and cost sensitive method will be 

explored with CSSA-AdaBoost for learning binary and multi-class imbalance classification. 

 



5. DESIGNING ROBUST TECHNIQUES TO CONTROL OVERLAPPING AND SMALL 

DISJUNCT USING HYBRID METHODS 

Most of the real world applications suffer with imbalanced data generation. The skewed datasets 

are presumed because of uneven distribution of data. The instances of one class (majority class) 

will be more than the other class (minority class). Such data when trained on a classifier will 

generally degrade the classification performance. 

5.1 INTRODUCTION 

One of the major problems to be investigated in a variety of real time application domains is the 

skewed /imbalanced distribution of data. The class dominance problem occurs when samples 

from one class significantly outnumber samples from the other class. The machine learning 

algorithms show bias towards the majority class /negative class (class with more samples), 

resulting in a significant deterioration in the classification performance. Recent studies have 

shown that the presence of other features, such as small disjuncts, overlapping, and noise in data, 

can make classification much more complex. Hence, we proposed efficient technique to handle 

noise and small disjuncts. Fristly, we present noise filtering approach using ensemble learning 

(boosting and bagging) approaches. Later, we proposed an effective hybrid approach based on 

clustering and synthetic sample generation for imbalance data classification called ClustSyn. It 

consists of clustering algorithm along with the synthetic data generation using Mahalanobis 

distance. The reason for using the Mahalanobis distance is that it can minimise the probability of 

overlap and maintain the structure of covariance when providing artificial samples for the 

positive/ minority class. Both the approach at ensemble worked well when compared with the 

current techniques from the literature. 

 

5.2 BACKGROUND 

Constructing an efficient learning model can be a challenging task in machine learning if the data 

used to train the model is highly skewed.  Training a traditional machine learning algorithm on 

these data will lead to a reduced accuracy of classification. Real-world applications such as fault 

identification, medical analysis and prediction of software faults, for instance, suffer from 

distorted distribution of data. Therefore, several researchers have suggested many approaches in 



recent decades to resolve the issue of class imbalance. According to [1, 2, 5], the class imbalance 

problem can be addressed broadly based on three categories, namely at the data level, 

algorithmic based and hybrid methods. Data is pre-processed either by data sampling or by 

synthetic data generation in data-level techniques to establish a balanced distribution between 

classes. Whereas, the existing algorithms are updated or new algorithms are suggested to deal 

with the problems of class imbalance in algorithmic based techniques. In addition, hybrid 

methods combine both preprocessing and algorithmic techniques together inorder to achieve 

better performance when training data has a skewed distribution. Recent literature work 

[5,41,134,137,146] combine ensemble algorithms such as bagging and boosting with data 

sampling techniques. Data sampling techniques aim to balance the imbalanced distribution in the 

training dataset by oversampling the minority class or undersampling the majority class samples. 

Among these techniques, Random Under-Sampling (RUS) and Random OverSampling (ROS) 

[6, 7], are most popular and well known technique. In ROS, samples of the positive/ minority 

class are randomly duplicated until a desired class ratio is reached. RUS, on the other hand, 

randomly eliminates majority-class samples until the dataset is balanced. As the training data 

size is decreased, the benefit of RUS is reduction in the training time for developing the 

classification model. However, due to the elimination of samples from the training data, the 

downside of RUS is information loss. But, ROS methods may not result in information loss, but 

there may be replication of existing training data. The major disadvantages of using ROS, is it 

may lead to overfitting [5] and contributes to an increase in the execution time of learning 

algorithms when trained on oversampled dataset. To tackle the limitations of the above said 

methods, other data-level techniques have been proposed such as Synthetic Minority 

Oversampling TEchnique (SMOTE) [9], ADAptive SYNthetic Sampling Approach (ADASYN) 

[17], clustering algorithms using SMOTE [151]. Ensemble techniques attempt to utilize multiple 

classifiers to avoid being dependent on a single classifier’s characteristics. Since data-level 

methods are independent of the classifier, it is possible to combine them with ensemble 

techniques. To optimize the output of the classifier regardless of whether the data is imbalanced, 

a technique called boosting [147] is used. AdaBoost [125] is the most commonly used boosting 

algorithm, which iteratively builds ensemble methods. This method fits best with imbalanced 

datasets, since most minority data samples are likely to be misclassified and hence allocated 

higher weights in the next iterations. A number of ensemble classifiers have been proposed [5] 



for handling imbalance problems. Through integrating several machine learning algorithms, 

Ensemble algorithms maximise the efficiency of a classifier. The majority of ensemble learning 

algorithms have been explicitly designed to solve problems of class imbalance. The ensemble 

algorithms for class imbalance problems usually include preprocessing techniques or cost-

sensitive approaches. The data preprocessing techniques works independently before training on 

the ensemble classifier. However, the cost-sensitive approaches are embedded with the 

algorithms while training on the ensemble classifier. In general, cost-sensitive strategies for 

addressing class imbalance challenges are more focused on the classifier. Moreover, an 

integration of data-level approaches with ensemble learning are more robust in solving skewed 

data distribution. Ensemble approaches, such as SMOTEBagging [150], SMOTEBoosting [147], 

RUSBoost [148], and CUSBoost [151], are classified based on bagging or boosting techniques 

with data level approaches. Such approaches integrated sampling methods and SMOTE using 

ensemble techniques (bagging and boosting algorithms). The key drawback of SMOTEBoost is 

the amount of synthetic samples to be generated at each boosting iteration and for RUSBoost 

lose of significant data by random undersampling. Apart, cluster-based algorithms have also 

been projected in the literature to address skewed distribution. Clustering-based UnderSampling 

with Boosting (CUSBoost) was proposed by [151] to discard negative samples in each cluster 

using random undersampling. The entire dataset is initially partitioned into majority and minority 

classes, and k-means clustering algorithm is applied to the majority class. The resultant dataset in 

addition to minority class samples are trained using an ensemble method (AdaBoost algorithms). 

CUSBoost performs best with highly cluster-able data and it provide best results according to the 

problem domain.  

 

Nevertheless, the machine learning model itself would not be effects by skewed data distribution, 

but a series of problems such as small sample size, noise, class overlapping, and small disjuncts 

may effect the classification performance. (see Figure 5.1 and Figure 5.2). 

 



 

 

Figure 5.1: Data samples with borderline and noisy samples on a decision boundary between two 

classes. 

 

 

Figure 5.2: Class overlapping and small disjuncts respectively in imbalanced data distribution 

 

 

5.3 METHODOLOGY TO HANDLE DATA OVERLAPPING  

The major drawback with synthetic data generation using the k-nearest neighbor (KNN) 

technique is it creates new instances that are close to the considered data instance with respect to 

Euclidean distance. However, selecting the closest data instance for generating new samples may 

pose a potential challenge. It may lead to less diverse data samples. For example, the diversity of 

the new instances rely on ‘k’  values of KNN. If ‘k’ is too small or equal to 1, it may lead to 

duplication of data samples and if ‘k’ is too large, it may generate samples outside the minority 

boundaries. If there exist several minority class sub-clusters of unequal size, using the KNN 

technique for generating synthetic data will lead to an increase in the size of sub-cluster instances 

and further lead to intra-class problems. Hence, the reason which motivates us to work in this 



area is to handle such small disjuncts and noise in the dataset. The main intention of this work is 

to solve these two types of imbalance issues simultaneously and also in efficient manner.The 

proposed technique will overwhelm the limitations of existing models by providing ensemble/ 

hybrid data sampling with boosting designed to get better performance of the classification 

model when trained on imbalanced datasets. 

 

5.4.1 A Noise-Filtered Based Oversampling Technique With Boosting (NF-OS With 

Boosting) 

The common problem encountered mostly in the real application data is existence of noise. 

Presence of noise will degrade the classification performance. Noise-Filtered Over-Sampling 

technique will effectively detect and eliminates the noise present in the dataset. Sáez et al. [66] 

proposed Iterative-Partitioning Filter (IPF) using oversampling algorithm called, SMOTEIPF. 

This technique is used to pre-process the data duing per-process phase and later trained on a 

given classifier. The proposed Noise-Filtered based Over-Sampling technique with Boosting 

(NFOS with Boosting) and Bagging (NF-OS with Bagging) techniques works by eliminating all 

the noise samples in the given dataset. Let consider a dataset ‘D’,  

I. Let Smin and Smaj be the set of positive/ minority samples in ‘D’, and the majority class 

samples respectively.  

II. The noise exist in Smin and majority Smaj are discarded using K-Nearest Neighbours as 

follows (shown in the Figure. 5.3). Each sample from Smin and Smaj may fall in any one of the 

below categories.  

a) Extremely valuable (Majority Sample) : The majority sample is considered as extermely 

valuable if all of it nearest neighbor are also negative/ majority class samples (labelled as ‘A’ in 

the Figure. 5.3). 

b) Extremely valuable (Minority Sample): The minority sample is considered as extermely 

valuable if all of it nearest neighbor are also positive/ minority class samples (labelled as ‘a’ in 

the Figure. 5.3). 

c) Relatively valuable (Majority Sample): The majority sample is considered as relatively 

valuable if most of it nearest neighbor are also majority class samples (labeled as ‘B’ in the 

Figure. 5.3). 



d) Relatively valuable (Minority Sample): The minority sample is considered as relatively 

valuable if most of it nearest neighbor are also minority class samples (labeled as ‘b’ in the 

Figure. 5.3). 

e) Noisy sample: The sample is considered as noise if all of it nearest neighbor belongs to 

different class label (both for majority and minority samples) (labeled as ‘C’ and ‘c’ in the 

Figure. 5.3). 

 

 

Figure 5.3: ‘*’ represents minority data. ‘o’ represents majority data along with its categories 

 

In this work, ‘noisy samples’ are identified using KNN algorithm with k=5. The strength of our 

approach lies in the fact that it considers examples after removal of noise in the entire dataset. 

After, NF-OS applies SMOTE technique to oversampling the minority samples in order to 

balance the imbalanced dataset. The balanced dataset is trained using Boosting and Bagging 

method.   The Noise-filtered Over-Sampling Technique with Boosting (NF-OS with Boosting) is 

presented in figure 5.4. 

 

 



 

Figure 5.4: A Noise-filtered based Oversampling Technique (NF-OS with Boosting). 

 

5.3.2 Dataset Used: 

The proposed method is tested on 25  imbalanced binary datasets from the KEEL repository.  

The data used in the experiment are presented in the table 5.1. 

 

Table 5.1: Datasets Used in the Experiment 

Datasets Size No.of attr % IR 

ecoli-0_vs_1 220 7 1.82 

ecoli1 336 7 3.36 

ecoli2 336 7 5.46 

ecoli3 336 7 8.6 

glass0 214 9 2.06 

glass0123vs456 214 9 3.2 

glass1 214 9 1.82 

glass6 214 9 6.38 

Haberman 306 3 2.78 

iris0 150 4 2 

new-thyroid1 215 5 5.14 



new-thyroid2 215 5 5.14 

page-blocks0 5472 10 8.79 

Pima 768 8 1.87 

segment0 2308 19 6.02 

vehicle0 846 18 3.25 

vehicle1 846 18 2.9 

vehicle2 846 18 2.88 

vehicle3 846 18 2.99 

Wisconsin 683 9 1.86 

yeast1 1484 8 2.46 

yeast3 1484 8 8.1 

vowel0 988 13 9.98 

 

5.3.3 Experiments And Results: 

The performance metric used are AUC and F-measure and compared with various emsemble 

approach such as RUSBoost, AdaBoost, SMOTEBoost, Bagging, OverBagging and 

SMOTEBagging.  Classification performance of Boosting algorithms using AUC metric (Table 

5.2). 

Table 5.2: AUC metric using various Hybrid algorithms (Boosting) 

Datasets AdaBoost RUSBoost SMOTEBoost 
NF-OS 

Boost 

ecoli0vs1 0.6354 0.794 0.799 0.992 

ecoli1 0.6354 0.794 0.799 0.992 

ecoli2 0.6354 0.794 0.799 0.992 

ecoli3 0.6354 0.794 0.799 0.992 

glass0 0.947 0.947 0.947 0.948 

glass0123vs456 0.946 0.946 0.946 0.946 

glass1 0.946 0.946 0.946 0.946 

glass6 0.947 0.918 0.991 0.997 

Haberman 0.947 0.656 0.947 0.942 



iris0 0.949 0.98 1 0.99 

new-thyroid1 0.947 0.975 0.947 0.986 

new-thyroid2 0.948 0.948 0.948 0.948 

page-blocks0 0.637 0.953 0.967 0.996 

Pima 0.6223 0.751 0.897 1 

segment0 0.996 0.994 0.998 0.998 

vehicle0 0.754 0.754 0.754 0.8754 

vehicle1 0.754 0.768 0.897 1 

vehicle2 0.854 0.966 0.967 1 

vehicle3 0.745 0.763 0.894 1 

Wisconsin 0.9 0.96 0.994 1 

yeast1 0.7589 0.7382 0.741 0.996 

yeast3 0.93 0.944 0.944 0.994 

vowel0 0.996 0.9922 0.993 0.991 

 

Table 5.3: F-Measure metric using various Hybrid algorithms (Boosting) 

Datasets AdaBoost RUSBoost SMOTEBoost 
NF-OS 

Boost 

ecoli0vs1 0.6354 0.794 0.799 0.992 

ecoli1 0.6354 0.794 0.799 0.992 

ecoli2 0.635 0.794 0.799 0.992 

ecoli3 0.6354 0.793 0.799 0.992 

glass0 0.947 0.947 0.947 0.947 

glass0123vs456 0.946 0.946 0.946 0.946 

glass1 0.946 0.946 0.946 0.946 

glass6 0.947 0.918 0.991 0.997 

Haberman 0.947 0.656 0.947 0.942 

iris0 0.949 0.98 1 0.98 

new-thyroid1 0.947 0.975 0.947 0.986 

new-thyroid2 0.948 0.948 0.948 0.948 



page-blocks0 0.637 0.953 0.967 0.996 

Pima 0.6223 0.751 0.897 1 

segment0 0.996 0.994 0.998 0.998 

vehicle0 0.754 0.754 0.754 0.8754 

vehicle1 0.754 0.768 0.897 1 

vehicle2 0.854 0.966 0.967 1 

vehicle3 0.745 0.763 0.894 1 

Wisconsin 0.9 0.96 0.994 1 

yeast1 0.7589 0.7382 0.741 0.996 

yeast3 0.93 0.944 0.944 0.994 

vowel0 0.996 0.9922 0.992 0.991 

 

Table 5.4: AUC metric using various Hybrid algorithms (Bagging) 

Datasets AdaBoost RUSBoost SMOTEBoost 
NF-OS 

Boost 

ecoli0vs1 0.973 0.985 0.971 0.992 

ecoli1 0.955 0.963 0.9636 0.992 

ecoli2 0.9406 0.9406 0.952 0.952 

ecoli3 0.935 0.9356 0.93 0.933 

glass0 0.947 0.947 0.947 0.948 

glass0123vs456 0.946 0.946 0.946 0.946 

glass1 0.946 0.946 0.946 0.946 

glass6 0.947 0.918 0.991 0.997 

Haberman 0.947 0.656 0.947 0.942 

iris0 0.949 0.98 1 0.99 

new-thyroid1 0.947 0.975 0.947 0.986 

new-thyroid2 0.948 0.948 0.948 0.948 

page-blocks0 0.637 0.953 0.967 0.996 

Pima 0.6223 0.751 0.897 1 

segment0 0.996 0.994 0.998 0.998 



vehicle0 0.754 0.754 0.754 0.8754 

vehicle1 0.754 0.768 0.897 1 

vehicle2 0.854 0.966 0.967 1 

vehicle3 0.745 0.763 0.894 1 

Wisconsin 0.9 0.96 0.994 1 

yeast1 0.7589 0.7382 0.741 0.996 

yeast3 0.93 0.944 0.944 0.994 

 

Table 5.5: F-Measure metric using various Hybrid algorithms (Bagging) 

Datasets AdaBoost RUSBoost SMOTEBoost 
NF-OS 

Boost 

ecoli0vs1 0.973 0.985 0.971 0.992 

ecoli1 0.955 0.963 0.9636 0.992 

ecoli2 0.9406 0.9406 0.952 0.952 

ecoli3 0.935 0.9356 0.93 0.933 

glass0 0.947 0.947 0.947 0.948 

glass0123vs456 0.946 0.946 0.946 0.946 

glass1 0.946 0.946 0.946 0.946 

glass6 0.947 0.918 0.991 0.997 

Haberman 0.947 0.656 0.947 0.942 

iris0 0.949 0.98 1 0.99 

new-thyroid1 0.947 0.975 0.947 0.986 

new-thyroid2 0.948 0.948 0.948 0.948 

page-blocks0 0.637 0.953 0.967 0.996 

Pima 0.6223 0.751 0.897 1 

segment0 0.996 0.994 0.998 0.998 

vehicle0 0.989 0.989 0.991 0.991 

vehicle1 0.989 0.989 0.989 1 

vehicle2 0.854 0.966 0.967 1 

vehicle3 0.857 0.857 0.894 1 



Wisconsin 0.9 0.96 0.994 1 

yeast1 0.7589 0.7382 0.741 0.996 

yeast3 0.93 0.944 0.944 0.994 

 

 

The outcome of the proposed method, Noise-filtered Over-Sampling Technique with Boosting 

was compared with state-of-the-art techniques such as Adaboost, RUSBoost and SMOTEBoost. 

It has been observed that the NF-OS technique demonstrated best results on ecoli, glass, thyroid, 

pima, wehicle, wisconsin and yeast datasets with 99.2%, 94.8%, 98.6%, 100%, 87.54%, 100%, 

99.6% respectively using AUC metric. The performance results are depicted in figure 5.5 – 5.6 

 

Figure. 5.5 Graphical representation of NF-OS using AUC metric  ( Boosting and Bagging) 

 

Figure. 5.6 Graphical representation of NF-OS using F-measure metric  ( Boosting and 

Bagging) 

 

5.4 METHODOLOGY FOR HANDLING SMALL DISJUNCT EXIST IN THE DATA 



The proposed ClustSyn method combines the generation of synthetic data with an ensemble 

algorithm. In our technique, the clustering technique is implemented along with ensemble 

learning. It consists of the clustering process, the process of synthetic data generation, and the 

classification phase.  

 

Figure 5.7: Example of the clusters for majority classes and minority classes before synthetic 

data generation. 

Clustering Phase: In this phase, as shown in figure 5.7, instances are divided into majority class 

and minority class instances. Then, each class is grouped separately using clustering technique. 

Although applied random oversampling to generate synthetic samples in its cluster-based 

oversampling approach, this work applies Mahalanobis Distance (MD) to preserve the diversity 

within the minority cluster and generate unique synthetic samples. The primary reason is to 

consider not the data imbalance occurring between two classes, i.e., between-class imbalance but 

also within-class imbalance (imbalance occurring between the sub-clusters of each class). 

Synthetic Data Generation Phase: The number of synthetic samples to be produced depends on 

the size of the largest cluster. To maintain the diversity within the minority cluster and 

generating unique synthetic samples, Mahalanobis Distance (MD) is used. 

5.4.1 Clustering and Synthetic Sample Generation For Imbalance Data Classification 

(Clustsyn) 

In this work, the clustering algorithm adopted is K-medoid algorithm, which is more robust than 

the K-means clustering. The K-medoid algorithm generates K clusters and the most commonly 

used K-medoid clustering is Partitioning Around Medoids (PAM) algorithm.  

The working of this algorithm can be described as follows:  



1 Initialization step: Randomly choose K data points initially as cluster medoids (from datasets).  

2 Assignment step: Assign each data point to the cluster connected with the closest medoid.  

3 Update step: P Recalculate the positions of the K medoids using distance measure ∑j€Ci d(i, j) 

for each object ‘i’.  

4 Repeat steps 2 and 3 until there is no change in the medoids.  

The performance of K-medoids largely depends on the value of K. Choosing ‘good’ values of K 

depends on the characteristic of the dataset under consideration. In order to efficiently choose the 

value of ‘k ’silhouette method is been applied. It discuss the use of the silhouette method in 

determining the positions of objects in clusters, i.e., which objects lie wherein clusters and which 

one objects do not lie in respective clusters. They also provide the performance of each cluster 

(based on the quality of obtained) by providing a graphical representation of “how well each 

object lies within its cluster”.  

The silhouette value for attribute i is given in equation 1.  

s(i)  =  b(i)  −  a(i)/ max{a(i), b(i)}                                  (1)  

 where a(i) is the average distance of the i-th data object with all other data objects within the 

same cluster, and b(i) is the smallest distance of the i-th data point to any cluster not including it. 

Note that s(i) is between -1 and +1. If s(i) = 1, the data point is correctly clustered, while values 

close to -1 suggest that point i would be more appropriately moved to its neighboring cluster. 

The average s(i) over all data of a cluster is a measure of how tightly all data in a cluster is 

grouped together. In simple words, the average of s(i) over the entire dataset is a measure of 

clustering quality. Figures 4 and 5 show an example of graphical representation of the silhouette 

method applied on 4 different (ecoli, yeast, Wisconsin and new-thyroid) datasets.  

Synthetic Data Generation Phase: The number of synthetic samples to be produced depends on 

the size of the largest cluster. To maintain the diversity within the minority cluster and 

generating unique synthetic samples, Mahalanobis Distance (MD) is used. The MD measure is 

regarded as a unit-less measure and provides a relative measure of the distance of a dataset. 

Considering two data instances x = (x1, x2, x3, ...., xn) 
T and y = (y1, y2, y3, ...., yn) 

T , the MD 

between them is defined as follows:  



dM(x, y)  =  sqrt (p (x −  y) T S − 1 (x −  y) )           (2)  

Where S is the matrix of sample covariances. To help rank and sort the data samples in 

decreasing order according to their distance, we use this scale. We are able to identify data 

samples that are far or close to the central data instance by sorting the data. For multivariate 

datasets, it works well and also overcomes the inherent problems of scale and correlation 

associated with Euclidean distance. Except for the cluster with the largest samples, all clusters of 

majority classes are over-sampled to get the same number of samples, i.e. the largest cluster of 

majority classes. In addition, in the minority class, each cluster is oversampled until the largest 

class size (i.e., majority samples) is reached by each cluster. Here, the number of synthetic 

samples is determined for each minority class, which depends on the size of the largest cluster 

separated by the number of minority clusters. Figure 5.7 shows the majority class and minority 

class clusters before synthetic data generation. The process of producing synthetic data/ samples 

(both for majority and minority groups / clusters) is shown in Figure 5.8. We also see in figure 

5.7 that the largest majority cluster is bound by synthetic samples.  

For example, if the training samples of both the majority and minority classes are grouped/ 

clustered, then it can be defined as (for this work):  

Majority class (Negative class): 20 22 30 Minority class (Positive class): 3 4 5 6. Then, the 

resampling is done for both majority class clusters and minority class clusters. Note that here 

resampling is not done for majority class with the largest number of samples (for improving 

performance). So, the majority clusters of 20 and 22 sizes are re-sampled to 30 data samples to 

each cluster. The minority samples are re-sampled based on the size of the majority cluster 

samples (including the size of largest cluster) divided by the number of minority cluster samples, 

i.e., 72/4=18. 



 

Figure 5.8: A hybrid Approach based on Clustering and Synthetic Sample Generation for 

Imbalance Data Classification (ClustSyn) 

So, each minority cluster is oversampled to meet the size of 18 (each). Hence, the benefits of our 

method lie in overriding between class and with-in class imbalance (by oversampling both 

classes). Therefore, our method handles overriding between class and with-in class imbalance 

(by oversampling all classes) efficiently.  

The process of generating synthetic samples using MD is as follows:  

• Select the cluster for which synthetic samples to be generated and also the number of samples 

to be generated as specified above.  

• Compute MD of each data samples according to equation (2)   

• Sort the samples based on MD in decreasing order and rank them.  

• Now, generate the synthetic samples by averaging the highest rank data sample with the lowest 

rank data sample.  

• Repeat the above step until the number of synthetic samples to be generated is completed.  

Ensemble Learning: The ensemble learning approach has been proposed to tackle the class 

imbalance problem in the classification process. The Adaptive Boosting Algorithm (AdaBoost) 



is an iterative boosting algorithm for building a strong classifier with a linear combination of 

weak classifiers. The working of ClustSyn algorithms is shown in below Algorithm.  

 

It combines cluster-based oversampling with AdaBoost. The AdaBoost algorithm trains each 

classifier in sequence by considering whole dataset. Nevertheless, AdaBoost focuses mostly on 

complex instances after each round of iteration, with the aim of correctly classifying complex 

samples in the next iteration (which were incorrectly categorized during the current iteration). 

Therefore, the samples that are difficult to identify are more centered by AdaBoost, and the 

amount of emphasis is determined by a weight that is assigned at each iteration. (Initially equal 

weights are assigned to all the instances). The weight of misclassified cases has increased with 

each iteration. On the other hand, the weights are reduced for properly classified instances. In 

addition, based on its overall accuracy, which is used in the test phase to give more confidence in 

generating accurate classifiers, another weight is assigned to each individual classifier. Finally, 

each classifier provides a weighted vote when a new instance is submitted, and the class label is 

chosen by the majority. The above explanation also has been notified in the Figure 3(as our 

proposed method).  



 

Figure 5.9: Optimal clusters for ecoli and yeast dataset 

 

 

Figure 5.10: Optimal clusters for Wisconsin and new-thyroid dataset 

 

5.4.2 Datasets Used: 

The experimental analysis to evaluate the performance of our proposed ClustSyn algorithm is 

explained in this section. In this simulation, we have considered a total of 11 imbalanced datasets 

from KEEL - data repository, having different Imbalance Ratio (IR) feature. The characteristics 

of the datasets are shown in Table 5.6, i.e. by the number of samples, attributes, and their 

imbalance ratio.  

Table 5.6: Dataset Characteristics 

Datasets Size No of Attributes % IR 

Ecoli 336 7 8.6 

Glass 214 9 2.06 



Haberman 306 3 2.78 

Iris 150 4 2 

new-thyroid 215 5 5.14 

page-blocks 5472 10 8.79 

Pima 768 8 1.87 

Segment 2308 19 6.02 

Vehicle 846 18 2.9 

Wisconsin 683 9 1.86 

 

5.4.3 Experiments and Results:  

In this experiment, we have compared the propose ClustSyn method with AdaBoost, RUSBoost, 

SMOTEBoost, and CUSBoost. The experiments are implemented using R (an open-source 

statistical tool).  Two metrics are used to assess the efficiency of our proposed method: F-

measure and Area Under the ROC Curve (AUC).  A decision tree (C4.5) classifier is used in this 

present work as a base learner in boosting the algorithm to train the datasets. Using tenfold cross-

validation, all results are assessed. The dataset for the training is split into ten partitions. To train 

the model, nine partitions are used while the one partition kept out is used to evaluate the model. 

To make each partition function as test data, this process is repeated ten times. This study utilizes 

11 datasets from the KEEL dataset repository with different degrees of imbalance and sizes. 

Table 5.7 and 5.8 presented the performance of each method, i.e., AdaBoost, RUSBoost, 

SMOTEBoost, CUSBoost and ClustSyn techniques across all the datasets using AUC and F-

measure metrics. 

  

Table 5.7: Performances of the sampling techniques across all datasets using the F-measure 

metric 

Datasets AdaBoost RUSBoost SMOTEBoost CUSBoost ClustSyn 

Ecoli 0.795 0.799 0.878 0.786 0.982 

Glass 0.786 0.798 0.907 0.948 0.982 



Haberman 0.896 0.786 0.912 0.912 0.993 

Iris 0.88 0.891 0.987 0.917 0.972 

new-thyroid 0.923 0.912 0.934 0.972 0.983 

page-blocks 0.978 0.912 0.88 0.912 0.912 

Pima 0.786 0.823 0.887 0.813 0.998 

Segment 0.996 0.897 0.908 0.991 0.998 

Vehicle 0.976 0.932 0.897 0.998 0.998 

Wisconsin 0.892 0.978 0.879 0.989 0.997 

Yeast 0.745 0.876 0.781 0.876 0.869 

 

Table 5.8: Performances of the sampling techniques across all datasets using the AUC metric 

Datasets AdaBoost RUSBoost SMOTEBoost CUSBoost ClustSyn 

Ecoli 0.635 0.794 0.74 0.786 0.786 

Glass 0.74 0.813 0.912 0.948 0.942 

Haberman 0.947 0.656 0.947 0.945 0.942 

Iris 0.919 0.918 0.926 0.917 0.92 

new-thyroid 0.927 0.935 0.947 0.962 0.986 

page-blocks 0.637 0.953 0.937 0.901 0.986 

Pima 0.622 0.751 0.819 0.813 0.912 

Segment 0.996 0.994 0.958 0.991 0.998 

Vehicle 0.943 0.965 0.9878 0.981 0.982 

Wisconsin 0.9 0.96 0.994 0.989 0.978 

Yeast 0.759 0.738 0.944 0.777 0.996 

 

Figure 5.11 and 5.12 shows the AUC and F-measure results obtained on the imbalanced datasets 

using AdaBoost, RUSBoost, SMOTEBoost, CUSBoost, and ClustSyn. The results of the 

proposed Clustsyn method demostrated well when compared with existing state-of-the-art 

techniques. It has been observed that the results were outperformed on iris, thyroid, page blocks, 



pima, segment and yeast datasets with 92%, 98.6%, 98.6%, 91.2%, 99.8% and 99.6% 

respectively using AUC metric. From the figures 5.11 and 5.12 we can find that SMOTEBoost 

and ClustSyn methods show a better result than AdaBoost and RUSBoost. By incorporating 

improved sample generation technique the proposed method over sampled the right minority 

samples in the datasets and the same is been represented in results.  

 

Figure 5.11: F-Measure performance of boosting classifier with resampling method 

 

Figure 5.12: AUC performance of boosting classifier with resampling method 

From the results, we notice that 9 out of 11 datasets using F-measure, our proposed method 

(ClustSyn) outperformed the other techniques (Table. 2), and 8 out of 11 outperformed when 

compared with AUC, while only few datasets in terms of F-measure, AUC it failed to achieve 

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

AdaBoost

RUSBoost

SMOTEBoost

CUSBoost

ClustSyn

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

AdaBoost

RUSBoost

SMOTEBoost

CUSBoost

ClustSyn



top score. We have also seen ClustSyn performed better for large datasets with a high imbalance 

ratio. 

 

5.5 SUMMARY: 

In this chapter we presented an ensemble techniques to address the class imbalance problem. The 

oversampling techniques are applied to the minority class and the new samples are generation 

mostly using eculidean distance. Such oversampled data may contain noise and if we train the 

data on the classifier may degrade the performance of the classification algorithm. Hence, we 

proposed a novel filtering approach to remove the noise exist in the data after sampling.  The 

work presented will perform the camparision using boosting and bagging with and without noise 

filtering. The proposed approach is compared with various state of-the-art methods like 

AdaBoost, RUSBoost, SMOTEBoost, Bagging, OverBagging, SMOTEBagging. The  

expeiments are evaluated on 25 imbalanced datasets with various Imbalance Ratio (IR). From the 

experimental results our approach works effectively using F-measure and AUC metrics.  

Apart, recent studies have shown that the presence of other features, such as small disjuncts, 

overlapping, and noise in data, can make classification much more difficult. We proposed an 

effective hybrid approach based on clustering and synthetic sample generation for imbalance 

data classification called ClustSyn. It consists of clustering algorithm along with the synthetic 

data generation using Mahalanobis distance. The reason for using the Mahalanobis distance is 

that it can minimise the probability of overlapping  and maintain the structure of covariance 

when providing synthetic samples for the minority class. ClustSyn efficiency is compared with 

state-of-the-art methods such as AdaBoost, RUSBoost, SMOTEBoost, based on ensemble 

learning. We have performed experiments with different Imbalance Ratios (IR) on 11 datasets 

and the results show that ClustSyn outperformed existing methods for imbalanced and small 

disjunct datasets. 

 



6. CONCLUSION AND FUTURE WORK 

6.1 CONCLUSION 

In most applications in the real world domain, skewed data distribution problem exist. The 

applications such as medical, financial, fraud detection need efficient model to predict the 

outcomes from the original datasets. If the data is imbalanced then the conventional algorithms 

will show bias towards the class with larger instances ignoring the important instances. It may 

lead to misclassification cost. To handle imbalance datasets, in the literature many techniques 

were proposed and broadly classified into data-level, algorithm, and ensemble methods. 

The objective of this thesis was to provide a solution to tackle class imbalance problem. The 

study provided review on the state-of-the-art methods to address class imbalance problems. It 

starts with definition on the datasets and its types with detail description of imbalance data and 

also highlights different performance metrics used for evaluating the imbalanced datasets. The 

knowledge gained was then used to implement different solutions to address skewed data 

distribution. Initially, the possibility of removing outliers and redundancy present in the data was 

investigated. An efficient technique was proposed to address the presence of noise in data after 

preprocessing. The proposed SMOTE+MD was compared with state-of-the-art techniques like 

SMOTE, SMOTE+ENN, SMOTE+Tomek-Link using 9 datasets from keel repository using 

classification algorithms. The result reveals that our approach improves the prediction 

performance for most of the classification algorithms and achieves enhanced performance 

compared to the existing approaches. Next, we remove the redundant data from the given 

datasets an Earth Mover’s Distance techniques was applied. The EMD method is implemented 

with five conventional classifiers and one ensemble technique respectively, like C4.5 Decision 

tree (DT), k-Nearest Neighbor (k-NN), Multilayer Perceptron (MLP), Support Vector Machine 

(SVM), Naive Bayes (NB) and AdaBoost technique. The proposed techniques result in 99.1% 

Area Under Curve performance and an increase of 3% in comparison with existing techniques. 

The proposed method yields a superior performance on the data-sets from keel repository. 

 

Another new optimization strategy for handling multi-dimensional data at the algorithmic level 

was proposed in which Chaos Salp Swarm Algorithms was used to find the optimal feature 

subset, which maximizing the classification performance and minimizing feature selection 



compared with other meta-heuristic optimization algorithms. Further, the model was extended 

with feature selection using diverse fitness function with AUC metric. Our empirical evaluation 

on different data sets using Accuracy, F-measure, G-Mean, AUC and weighted indicative metric 

provided better solution. The experimental results demonstrated 99.17% using Area Under Curve 

using C4.5 classifier and perform better than state-of-the-art techniques. 

Finally, a robust technique was proposed to handle overlapping and small disjunct using hybrid 

methods. A Noise-filtered based Over-sampling technique with Boosting (NF-OS with Boosting) 

was introduced to handle overlapping exist in the data using K-NN. The proposed Noise-Filtered 

Oversampling technique with Boosting (NFOS with Boosting) and Bagging (NF-OS with 

Bagging) techniques works by eliminating all the noise samples in the given dataset. The 

performance was promising when compared with various state-of-the-art techniques. Recent 

studies have shown that the presence of other features, such as small disjuncts, overlapping, and 

noise in data, can make classification much more difficult. To address this, we introducing 

cluster oversampling with boosting (ClustSyn) to handle small disjunct exist in imbalanced data 

sets, which degrade the performance of the standard classification algorithm. The performance of 

proposed method is compared with AdaBoost, RUSBoost, SMOTEBoost AUC and F-measure 

metrics accordingly. The proposed models have shown increase in 3% of classification accuracy 

when trained on C4.5 classifier. From the results, we observe that the proposed method 

outperformed most of the time. The next section discusses the future research directions in detail. 

 

6.2 FUTURE WORK 

In certain real-world applications, the problem of class disparity is a challenging obstacle in 

machine learning, and the imbalance will not always be solved by merely modifying the class 

distribution. Therefore, in the literature, more research carried out to address the problem of class 

imbalance and propose a range of solutions to handle it more effectively.  Although different 

approaches have been proposed in the literature, the problem of class imbalance in the learning 

paradigm remains a challenge. This challenge will be more significant for big data. Despite the 

numerous research done so far, still no benchmark techniques proposed to tackle with class 

imbalance problems. This is because of the data characteristics, small size and data distribution. 

Moreover, in most of the cases the data characteristics play a vital role in predicting the 

classifier's performance. Thus no single solution fits all kinds of class imbalance problems. This 



research has mainly focused on class imbalance problems. It investigated the use of various 

approaches to fight the class imbalance problem at data-level, algorithm level and hybrid level. 

The outcome of this research leads to the same inference that no single solution addresses the 

problem of imbalanced datasets. The solutions will vary based on the data characteristics, 

number of features/ attributes, imbalance ratio and the instance size. The findings suggests that 

based on the description of the data and the classes (both majority and minority classes) a better 

understanding should be gain to propose the appropriate learning techniques. There are also more 

ways in which more improvements to the solutions for managing imbalanced datasets can be 

taken into account. 

Based on the research and experiments conducted, these works suggest directions for 

investigating further solutions to the class imbalance problem.  

Examine the use of SMOTE+MD to highly-dimensional dataset. The informed search of 

instances can provide better results. The performance of informed SMOTE+MD can be 

evaluated using current oversampling techniques. The proposed EMD based undersampling can 

be applied for minority samples also for removing redundancy in the datasets. 

Further suggestion is to investigate the use CSSA for big data. The fitness function can be 

modified with other evaluation metrics to improve the classification performance. It also 

suggested applying various chaotic functions for evaluating imbalance datasets. The 

hybridization of optimization algorithm with oversampling or undersampling can be investigated 

in future work. Various cluster algorithms with varying parameters can be evaluated to address 

the small disjunct problems. 

The proposed work has been experimented on structured data and all features are of type 

numerical. So, future work can use or propose new algorithms to handle unstructured and text 

data.  

The work can also be extended for big data analytics. The increase in the features and data will 

also decrease the efficiency. In the present work we considered only binary classification 

problems but a lot of scope is present for multi imbalanced datasets.  

In future work, the framework and algorithms should be enhance to work on multi-imbalance 

data, unstructured and big data. 


