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ABSTRACT 
In recent years, major challenges have been evolved for the classification of imbalance data. Classification of 
imbalance data is very tedious based on the nature and size of the data. Class imbalance problems, mainly occur 
when the samples in one class having more sample than the other class. The class which has large samples is known 
as majority classes and the class which has the least number of samples is known as minority classes. Mostly many 
algorithms focus mainly on majority classes by eliminating by minority classes; this does not allow the algorithm to 
obtain good performance. We can divide the classification of imbalance dataset into three categories. Each of these 
approaches has its own pros and cons. In this work, the systematic study for each approach has been done. 
Keyword: Data imbalance, Classification, Sampling Methods, Ensemble Methods. 

1. INTRODUCTION 
High imbalance occurs in real-world domains where the decision system is aimed to detect a rare but important case. 
The problem of imbalance has got more and more emphasis in recent years. Imbalanced data sets exists in many real-
world domains, such as spotting unreliable telecommunication customers, detection of oil spills in satellite radar 
images, learning word pronunciations, text classification, detection of fraudulent telephone calls, information retrieval 
and filtering tasks, and so on. A number of solutions to the class-imbalance problem were previously proposed both at 
the data and algorithmic levels. At the data level [4], these solutions include many different forms of re-sampling such 
as random oversampling with replacement, random undersampling, directed oversampling, directed undersampling, 
oversampling with informed generation of new samples, and combinations of the above techniques. At the algorithmic 
level [5], solutions include adjusting the costs of the various classes so as to counter the class imbalance, adjusting the 
probabilistic estimate at the tree leaf, adjusting the decision threshold, and recognition-based rather than 
discrimination-based (two class) learning. Mixture-of-experts approaches [6] have been also used to handle class-
imbalance problems. These methods combine the results of many classifiers; each usually induced after over-sampling 
or under-sampling the data with different over/under-sampling rates. The error-prone nature of small disjuncts is a 
direct result of rarity. Therefore, an understanding of why small disjuncts are so error prone will help explain why 
rarity is a problem. One explanation is that some small disjuncts may not represent rare, or exceptional, cases, but 
rather something else—such as noisy data. Thus, only small disjuncts that are “meaningful” should be kept. Most 
classifier induction systems have some means of preventing overfitting, to remove sub concepts (i.e., disjuncts) that are 
not believed to be meaningful. Inductive bias also plays a role with respect to rare classes. Many induction systems will 
tend to prefer the more common classes in the presence of uncertainty (i.e., they will be biased in favor of the class 
priors). Gary Weiss [7] presents an overview of the field of learning from imbalanced data. He pays particular attention 
to differences and similarities between the problems of rare classes and rare cases. He then discusses some of the 
common issues and their range of solutions in mining imbalanced datasets.  

2. PROBLEMS OF IMBALANCED DATASETS 
A dataset is imbalanced if the classification categories are not approximately equally represented. The level of 
imbalance (ratio of size of the majority class to minority class) can be as huge as 1:99[13]. It is noteworthy that class 
imbalance is emerging as an important issue in designing classifiers [14] Furthermore, the class with the lowest 
number of instances is usually the class of interest from the point of view of the learning task [18]. This problem is of 
great interest because it turns up in many real-world classification problems, such as remote-sensing, pollution 
detection, risk management, fraud detection and especially medical diagnosis. There exist techniques to develop better 
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performing classifiers with imbalanced datasets, which are generally called Class Imbalance Learning (CIL) methods. 
These methods can be broadly divided into two categories, namely, external methods and internal methods. External 
methods involve preprocessing of training datasets in order to make them balanced, while internal methods deal with 
modifications of the learning algorithms in order to reduce their sensitiveness to class imbalance [19]. The main 
advantage of external methods as previously pointed out, is that they are independent of the underlying classifier. In 
this paper, we are laying more stress to propose an external CIL method for solving the class imbalance problem. 

3. DEALING WITH CLASS IMBALANCE PROBLEMS 
Standard machine learning algorithms fail to classify imbalanced data because the classification error in majority class 
dominates the classification error in minority class. The techniques to handle imbalanced data problem can be 
categorized as data level, algorithmic level, cost sensitive level, feature selection level and ensemble level  
3.1 DATA LEVEL APPROACHES 
It works, in a pre-processing stage, directly on the data space, and tries to re-balance the class distributions. They are 
self-determining of the actual classification stage, and hence can be employed flexibly. The most admired approaches 
employ an oversampling strategy that introduces artificial objects into the data space. The best known technique here is 
SMOTE [4], although more recently, improved alternatives such as ADASYN or RAMO are exists. Oversampling 
methods however may also lead to other problems, such as class distribution shift when running too much iteration. 
3.2 COST-SENSITIVE APPROACHES 
It can use both data and modifications of the learning algorithms. A higher misclassification cost is assigned for 
minority class objects and classification performed so as to reduce the overall learning cost. Costs are often specified in 
form of cost matrices. The lack of knowledge on how to set the actual values in the cost matrix is the main drawback of 
cost-sensitive methods, since in most cases this is not known from the data nor given by an expert [1]. 
3.3 FEATURE SELECTION LEVEL APPROACHES 
The main idea of feature selection is to choose a subset of input features by eliminating features with little or no 
predictive information according to some measure. To adopt feature selection within the imbalanced problem, there are 
two approaches that exist. The initial one is based on adapting class-probability estimates. The next approach is based 
on the beginning of new feature selection measures [2]. 
3.4 ENSEMBLE LEVEL APPROACHES 
Ensemble methods improve the performance of the overall system. The efficiency of ensemble methods is highly reliant 
on the independence of the error committed by the base learner. The performance of ensemble methods strongly 
depends on the accuracy and the diversity of the base learner. The easiest approach to generate diverse base classifier is 
by manipulating the training data [3]. 
4. GENEREL STEPS FOR SOLVING IMBALANCED DATASET PROBLEM 
The general steps that can be involved in solving the imbalanced dataset problem clearly show that the imbalanced 
problems occur in the case of minority or majority classes. In the minority class the data are oversampled for balanced 
the dataset. In case of majority class the data are under sampled for balanced the dataset. And finally we can find the 
balanced accuracy with/without threshold value for solving the imbalanced problem. 
 

 
Figure 1 Steps to solve imbalance Problem 

5. DATA BALANCING TECHNIQUES 
If the class in classification process has fewer samples when compared to other classes, then the dataset becomes 
imbalanced. Mainly the class instances are classified with help of classifier algorithm. The main problem in using the 
classifier algorithm is the algorithm mainly deals with the majority classes which have large number of patterns 
without considering the minority classes that have small number of patterns. These produce very low accuracies in 
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classifying the majority and minority classes which is difficult in classifying the imbalanced data. These problems can 
be resolved by balancing the number of patterns in majority and/or minority classes. 
5.1 SAMPLING METHOD 
Whenever a class in a classification task is underrepresented (i.e., has a lower prior probability) compared to other 
classes, we consider the data as imbalanced [8], [9]. The main problem in imbalanced data is that the majority classes 
that are represented by large numbers of patterns rule the classifier decision boundaries at the expense of the minority 
classes that are represented by small numbers of patterns. This leads to high and low accuracies in classifying the 
majority and minority classes, respectively, which do not necessarily reflect the true difficulty in classifying these 
classes. Most common solutions to this problem balance the number of patterns in the minority or majority classes. 
Either way, balancing the data has been found to alleviate the problem of imbalanced data and enhance accuracy 
[8],[9],[10]. Data balancing is performed by, oversampling patterns of minority classes either randomly or from areas 
close to the decision boundaries. Interestingly, random oversampling is found comparable to more sophisticated 
oversampling methods [10]. Alternatively, undersampling is performed on majority classes either randomly or from 
areas far away from the decision boundaries. We note that random undersampling may remove significant patterns and 
random oversampling may lead to over fitting, so random sampling should be performed with care. We also note that, 
usually, oversampling of minority classes is more accurate than undersampling of majority classes [10]. Re-sampling 
techniques can be categorized into three groups. Undersampling methods, which create a subset of the original data-set 
by eliminating instances (usually majority class instances); oversampling methods, which create a superset of the 
original data-set by replicating some instances or creating new instances from existing ones; and finally, hybrids 
methods that combine both sampling methods. Among these categories, there exist several different proposals; from 
this point, we only center our attention in those that have been used in under sampling [18]. 
5.1.1 Oversampling 

This method will balance the class distribution by replicating the minority class samples. The occurrence of over fitting 
will be increased since the exact copies of instances will be generated. 

5.1.2 Under sampling 

This method will balance the class distribution by eliminating the majority class samples. Many useful data which are 
important for classification problems may be eliminated. 

5.1.3 Hybrid method 
In this method, both oversampling and under sampling method is used to balance the data’s. 
5.2 ENSEMBLE METHOD 
5.2.1Boosting 
Boosting is an ensemble method that starts out with a base classifier that is prepared on the training data. A second 
classifier is then created behind it to focus on the instances in the training data that the first classifier got wrong. The 
process continues to add classifiers until a limit is reached in the number of models or accuracy. 
5.2.2 Bagging 
Bagging (Bootstrap Aggregating) is an ensemble method that creates separate samples of the training dataset and 
creates a classifier for each sample. The results of these multiple classifiers are then combined (such as averaged or 
majority voting). The trick is that each sample of the training dataset is different, giving each classifier that is trained, a 
subtly different focus and perspective on the problem. 
5.2.3 SMOTEBoost and MSMOTEBoost 
SMOTE and MSMOTE data preprocessing algorithms are used to introduce synthetic instances. The weights of the 
new instances are proportional to the total number of instances in the new data-set. Hence, their weights are always the 
same, whereas original data-set’s instances weights are normalized in such a way that they form a distribution with the 
new instances. After training a classifier, the weights of the original data-set instances are updated; then another 
sampling phase is applied. The repetition of this process also brings along more diversity in the training data, which 
generally benefits the ensemble learning. [21][15] 
5.2.4 RUSBoost 
 In other respects, RUSBoost performs similarly to SMOTEBoost, but it removes instances from the majority class by 
random undersampling the data-set in all iteration. In this case, it is not necessary to assign new weights to the 
instances. It is enough with simply normalizing the weights of the remaining instances in the new data-set with respect 
to their total sum of weights. The rest of the procedure is the same as in SMOTEBoost. [16] 
5.2.5 Hybrid Ensembles 
The main difference of the algorithms in this category with respect to the previous ones is that they carry out a double 
ensemble learning, that is, they combine both bagging and boosting. Both algorithms that use this hybridization were 
proposed in [20], and were referred to as exploratory undersampling techniques.  
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5.3 COMBINATION OF SAMPLING AND ENSEMBLE METHODS 
Among these categories, there exists several different proposals; we only concentrate on the method that has been used 
in combination with ensemble learning algorithms. 
5.3.1 Random undersampling  
It is a non heuristic method that aims to balance class distribution through the random elimination of majority class 
examples. Its major drawback is that it can discard potentially useful data, which could be important for the induction 
process [17]. 
5.3.2 Random oversampling 
In the same way as random undersampling, it tries to balance class distribution, but in this case, randomly replicating 
minority class instances. Several authors agree that this method can increase the likelihood of occurring overfitting, 
since it makes exact copies of existing instances[4],[9]. 
5.3.3 Synthetic Minority Oversampling technique (SMOTE)  
It is an oversampling method, whose main idea is to create new minority class examples by interpolating several 
minority class instances that lie together. SMOTE creates a instances by randomly selecting one of the k nearest 
neighbours of a minority class instance and the generation of the new instance values from a random interpolation of 
both instances. Thus, the overfitting problem is avoided and causes the decision boundaries for the minority class to be 
spread further into the majority class space [4]. 
5.3.4 Modified Synthetic Minority oversampling technique (MSMOTE) 
It is a modified version of SMOTE. This algorithm divides the instances of the minority class into three groups; safe, 
border and latent noise instances by the calculation of the distances among all examples. When MSMOTE generates 
new examples, the strategy to select the nearest neighbours is changed with respect to SMOTE that depends on the 
group previously assigned to the instance. For safe instances, the algorithm randomly selects a data point from the kNN 
(same way as SMOTE); for border instances, it only selects the nearest neighbour; finally, for latent noise instances, it 
does nothing [11]. 
5.3.5 Selective Pre-processing of Imbalanced data (SPIDER) 
It combines local oversampling of the minority class with filtering difficult examples from the majority class. It consists 
in two phases, identification and pre-processing. The first one identifies which instances are flagged as noisy by kNN. 
The second phase depends on the option established (weak, relabel or strong); when weak option is settled, it amplifies 
minority class instances; for reliable, it amplifies minority class examples and reliable majority class instances (i.e., 
changes class label); finally, using strong option, it strongly amplifies minority class instances. After carrying out these 
operations, the remaining noisy examples from the majority class are removed from the dataset [12]. 
6. CONCLUSION 
Thus this paper represents some of the characteristics of imbalanced dataset problem, techniques, algorithms, and also 
gives an idea of classification of the imbalanced dataset. Also, this paper has given a survey of the problems of the 
imbalanced dataset. In this paper we discuss several types of solutions and algorithms to the imbalance dataset. And 
also we had gone through the evaluation metrics of the imbalance dataset. And finally we conclude that, the solution 
for solving the imbalanced dataset problem is the data level process. Because, the data level process provides better 
results by using the oversampling algorithm for pre-processing and for balancing we use several algorithms that was 
mentioned above. Thus this paper might be useful for the researchers to know about the imbalance dataset problems 
and also its solutions. 

REFERENCES 
[1]  B. Krawczyk, M. Wozniak, Combining diverse one-class classifiers, in: E. Cor-chado, V. Snasel (Eds.), Ajith 

Abraham, Michal Wozniak, Manuel Grana, and Sung-Bae Cho, editors, Hybrid Artificial Intelligent Systems, 
Volume 7209 of Lecture Notes in Computer Science, Springer, Berlin/Heidelberg, 2012, pp.590–601. 

[2] Sotiris Kotsiantis, Dimitris Kanellopoulos, Panayiotis Pintelas, “Handling imbalanced datasets: A review”, GESTS 
International Transactions on Computer Science and Engineering, Vol.30, 2006. 

[3] Yongqing Zhang, Danling Zhang, Gang Mi, Daichuan Ma, Gongbing Li , Yanzhi Guo, Menglong Li, Min Zhu, 
“Using ensemble methods to deal with imbalanced data in predicting protein–protein interactions”, Computational 
Biology and Chemistry 36 , 2012, 36–41. 

[4] N. V. Chawla, L. O. Hall, K. W. Bowyer, and W. P. Kegelmeyer. SMOTE: Synthetic Minority Oversampling 
TEchnique. Journal of Artificial Intelligence Research, 16:321-357, 2002. 

[5] Provost, F., & Fawcett, T. (2001). Robust classification for imprecise environments. Machine Learning, 42, 203-
231. 

[6] M. V. Joshi, V. Kumar, and R. C. Agarwal. Evaluating boosting algorithms to classify rare cases: comparison and 
improvements. In First IEEE International Conference on Data Mining, pages 257-264, November 2001. 

[7] G. Weiss. Mining with rarity: A unifying framework.SIGKDD Explorations, 6(1):7-19, 2004. 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org 

Volume 03, Issue 09, September 2014              ISSN 2319 - 4847 
 

Volume 3, Issue 9, September 2014                                                                                  Page 243 

[8] N. Japkowicz and S. Stephen, “The Class Imbalance Problem: A Systematic Study,” Intelligent Data Analysis, vol. 
6, pp. 429-450, 2002. 

[9] [M. Kubat and S. Matwin, “Addressing the Curse of Imbalanced Training Sets: One-Sided Selection,” Proc. 14th 
Int’l Conf. Machine Learning, pp. 179-186, 1997. 

[10] G.E.A.P.A. Batista, R.C. Prati, and M.C. Monard, “A Study of the Behavior of Several Methods for Balancing 
Machine Learning Training Data,” SIGKDD Explorations, vol. 6, pp. 20-29, 2004.1 

[11] S. Hu, Y. Liang, L. Ma, and Y. He, “MSMOTE: Improving classification performance when training data is 
imbalanced,” in Proc. 2nd Int.Workshop Comput. Sci. Eng., 2009, vol. 2, pp. 13–17. 

[12] J. Stefanowski and S. Wilk, “Selective pre-processing of imbalanced data for improving classification 
performance,” in Data Warehousing and Knowledge Discovery (Lecture Notes in Computer Science Series 5182), 
I.-Y. Song, J. Eder, and T. Nguyen, Eds., 2008, pp. 283–292. 

[13] J. Wu, S. C. Brubaker, M. D. Mullin, and J. M. Rehg, “Fast asymmetric learning for cascade face detection,” IEEE 
Trans. Pattern Anal. Mach. Intell., vol. 30, no. 3, pp. 369–382, Mar. 2008. 

[14] N. V. Chawla, N. Japkowicz, and A. Kotcz, Eds., Proc. ICML Workshop Learn. Imbalanced Data Sets, 2003. 
[15] S. Hu, Y. Liang, L. Ma, and Y. He, “MSMOTE: Improving classification performance when training data is 

imbalanced,” in Proc. 2nd Int. Workshop Comput. Sci. Eng., 2009, vol. 2, pp. 13–17. 
[16] C. Seiffert, T. Khoshgoftaar, J. Van Hulse, and A. Napolitano, “Rusboost: A hybrid approach to alleviating class 

imbalance,” IEEE Trans. Syst., Man, Cybern. A, Syst., Humans, vol. 40, no. 1, pp. 185–197, Jan. 2010. 
[17] S. Kotsiantis, P. Pintelas, Mixture of Expert Agents for Handling Imbalanced Data Sets, Annals of Mathematics, 

Computing & TeleInformatics, Vol 1, No 1 (46-55), 2003. 
[18] N. V. Chawla, N. Japkowicz, and A. Kolcz, Eds., Special Issue Learning Imbalanced Datasets, SIGKDD Explor. 

Newsl.,vol. 6, no. 1, 2004. 
[19] M. Kubat and S. Matwin, “Addressing the Curse of Imbalanced Training Sets: One-Sided Selection,” Proc. 14th 

Int’l Conf. Machine Learning, pp. 179-186, 1997. 
[20] X.-Y. Liu, J. Wu, and Z.-H. Zhou, “Exploratory undersampling for class imbalance learning,” IEEE Trans. Syst., 

Man, Cybern. B, Appl. Rev, vol. 39, no. 2, pp. 539–550, 2009. 
[21] [N.V. Chawla, A. Lazarevic, L. O. Hall, andK.W.Bowyer,“SMOTEBoost: Improving prediction of the minority 

class in boosting,” in Proc. Knowl. Discov. Databases, 2003, pp. 107–119. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


