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Abstract
The imbalanced data classification is a major issue in data mining. Many researchers 

have proposed various solutions which addressed imbalanced data problem which is broadly 
categorized into data level and algorithm level. Class distributions are adjusted in data 
level method. Creating an algorithm or modifying the existing algorithm is an appropriate 
approach used in algorithm level method. Imbalanced data classification problem can 
be resolved by means of Sampling, Random over sampling, Random under sampling, 
Resampling and by SMOTE (Synthetic Minority Oversampling Techniques). Resampling 
includes k-means clustering, density-based clustering, neural networks and ensemble. 
However, no algorithm or a method has an ability to remove bias in data classification, 
thereby integration of kernel methods with sampling methods or integration of sampling and 
boosting methods or integration Kernel based with Support Vector Machines (SVM) need to 
be performed a great extent to get the desired accuracy and performance. The main objective 
of this paper is to focus on various sampling strategies that are based on sampling and re-
sampling methods and improving the concept of learning within class imbalanced data. It  
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also explains the objectives of the models used by several researchers and emphasized the 
performance along with the outcomes.

Subject Classification:  68T07.
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1. Introduction
Imbalanced data classification problem exists in many fields such 

as, data mining, medical data analysis, facial recognition, bioinformatics 
etc. However, to classify the data in presence of imbalanced data is a 
challenging task [1]. In most of the domain applications, class imbalance 
distribution problem occurs often, when a dataset is unbalanced if the 
classification categories are not equally distributed in the training dataset 
[2]. Objects in one class will be more in number than the objects in the 
other class [3]. Solving the imbalance problem is quite difficult task as 
the hypothesis disobeys the classifier algorithm. And this problem will be 
challenging for mixed type of data in many real time scenarios and in data 
mining[4], [5].Though we have many approaches and algorithms, we don’t 
have one defined algorithm which can resolve the problem completely to 
the root[6], [7]. That is, no single algorithm or classifier suits the best for 
all imbalances learning problems. Different algorithm suits different data 
sets. Given an imbalance learning dataset which one to choose from the 
various available methods is a main aim of this research.

1.1 Motivations
Motivation behind studying the sampling strategies is to resolve 

the issues of data imbalance in real time environment, it’s necessary to 
study the underrepresented group which is biased or ignored. Solving the 
problem of imbalance helps to predict health issues in medical field and 
also resolving the problem of data imbalance in financial sector such as 
banks and in telecommunications domains. 

1.2 Challenges of data imbalance
Being a vast field, vital issues prevail that are to be addressed for 

a clear and better understanding. Performance degradation is serious 
challenge, which is in both binary and multiclass data imbalance, apart 
from the removal of noisy data. Construction of perfect classifier is quite a 
challenging task as the classifier will not be able to completely remove the 
problem of classification in imbalanced data, so the identification of best 
classification algorithm and a pre-processing activity must rigorously be 
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studied and stressed more for a better performance result. Identification 
of a specialized technique and to come up with a model for different data 
sets is the key challenge. And classification problem in multi class is more 
challenging compared to binary class.

In this paper Section 1 describes the data imbalance problem along 
with the motivations and challenges. In Section 2, we have discussed 
the sampling methods and the state of art which represent how various 
sampling strategies are used to solve the data imbalance problem. 
Finally in Section 3, we have summarised with all the methods discussed 
throughout the paper. 

2. �Study on various strategies for handling data imbalance problems/
issues

2.1 Sampling methods
Rebalancing the class distribution is performed in data level approach, 

which can be done either by under-sampling or over sampling to minimize 
the bias in training dataset. The purpose of the under-sampling is to 
eliminate sparse number of examples from majority class to minimize the 
bias in two classes. Whereas over sampling[8],[9] replicates examples from 
majority class. In the process of eliminating examples (down sampling) 
from a class tends to substantial loss of key information. While in examples 
of replication[10],[11] (over sampling), increase in the number of examples 
happens by means of duplication but do not provide new examples. Despite 
of numerous efforts in handling imbalance issues through sampling, one 
can say these is no concrete standard for appropriate class distribution. 
But to overcome imbalance issues, a combination of sampling strategies 
with other strategies has given a proven results in binary class imbalance 
and even in multi class imbalance problems.

2.1.1 Random over-sampling

Random over-sampling [12] checks the observations randomly, 
distributes it evenly to over sample. Both old and new samples look alike 
as its duplicated to meet the requirement of balancing the data, chosen 
option is replacement or without replacement. Selected data is sampled 
again, in with replacement, but with some replacement limit. Provision of 
sampling again from the existing sample is not possible in few scenarios. 
In over sampling [13], the problem of over fitting is a concern along with 
noise issue [14]. Both the issues are to be handled to resolve the imbalance 
problems.
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2.1.2 Random under-sampling 
Random Under-sampling eliminates the examples of major class 

to reduce the severity in biased data. Under-sampling [21] outperforms 
oversampling techniques when data is small in size. Major drawback of 
random under sampling [22] is probability of discarding of potential data. 
Loss of key information has to be taken care when eliminating the majority 
class examples. There are good number of methods which focus on which 
majority examples to keep and which to eliminate.

2.1.3 Synthetic sampling (SMOTE)
SMOTE (Synthetic Minority Oversampling Technique) [27] is most 

commonly used advanced version of oversampling. Creates synthetic 
samples in underrepresented observations [28]. It does not generate the 
duplicates but creates synthetic data points which are slightly varying 
from actual data points.

3. Summary
Sampling provides an ideal solution for classification problems other 

than few non sampling methods as it aids in allowing of new information 
or removal of unwanted information which results to balance the data. 
Boosting is another ensemble algorithm which enhances the performance 
of classifier. Smote by itself helps in solving the problem of data imbalance, 
however combination of two or more techniques i.e., hybrid approach will 
result to all time ideal solutions. Methods such as GLMBoost + SMOTE, 
Radial based SMOTE, PCA combined with SMOTE-SVM has proven 
results in solving the problem of data imbalance. Though we have many 
approaches and algorithms, we don’t have one defined classification 
algorithm which can resolve the problem completely. In other words, no 
single algorithm or classifier suits the best for all imbalances learning 
problem. Performance of a classification method depends on the type of 
datasets. For a better performance, it is always good to adopt a hybrid 
algorithm/classification method. Combination of one or more classifier 
is an optimal way and has given an outstanding result with accuracy and 
good computational speed. 
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