
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. 

 

sets using single classification models 

undersampling approach 

AdaBoost NB 
AdaBoost 

MLP 

99.55% 100% 
92.49% 94.20% 
97.53% 96.11% 
91.03% 95.83% 
60.56% 93.90% 

92.68% 97.07% 

68.08% 85.45% 
96.94% 96.43% 
79.69% 78.93% 
100% 100% 

99.05% 99.05% 
98.56% 99.04% 
98.56% 100% 
76.25% 85.16% 
66.39% 98.70% 
74.08% 92.19% 
91.01% 99.41% 
75.53% 93.26% 
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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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Comparison of average AUC for all data-sets using single and ensemble 

classification models 

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

world datasets are largely imbalanced in general, and when trained on standard classifiers, they 

can lead to performance degradation. 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

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

compared to the existing techniques. 

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 level strategy to eliminate redundant majority samples 

without any loss of information. The proposed EMD technique was compared with state

art methods namely Random Under-Sampling (RUS), Tomek Link (TL), Condensed Nearest 

NN), Random Over Sampling (ROS), Synthetic Minority Oversampling 
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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. 

 


