
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 
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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. 

 


