
2. CLASSIFICATION OF TECHNIQUES FOR ADDRESSING CLASS IMBALANCE 
PROBLEMS 

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

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

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

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

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

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

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

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

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

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

imbalance problem are classified into three different levels. 

 

Figure 2.1: Different level of handling class imbalance problems 

 

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

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

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

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

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

the misclassification cost. 

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

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

of the classifier would be gradually improved.   

 

2.1  DATA SAMPLING METHODS FOR IMBALANCED DATASETS: 



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

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

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

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

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

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

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

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

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

instances. 

 

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

 

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

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

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

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

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

suggested by Kubat and Matwin[10]. 

 

2.1.1. Oversampling Techniques: 



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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

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

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

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

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

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

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

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

with a polynomial kernel function to build classification model. 

 

2.1.2 Under-sampling Techniques: 

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

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

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

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

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

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

to identify the improtant features..  

 

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

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

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

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

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

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

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

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

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

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

work done by combining both oversampling and undersampling techniques. 

 

 

 

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

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

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

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

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

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

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

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



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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

re-sampled data sets.  

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

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

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

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

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

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

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

oversampling techniques outperformed when evaluated on a classification algorithm. The 

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

for imbalanced data sets.  

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

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

undersampling. 

 

2.2 ALGORITHM LEVEL METHODS FOR IMBALANCED DATASETS 

 

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

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

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

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

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

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

 

Figure 2.3: Different Algorithm Centric Approaches 

 

Several classifications techniques were modified and the various adjustment including threshold 

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

 

2.2.1  Improved Algorithm Techniques 



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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

class 

 

2.2.2 One-class Learning Techniques 

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

search. 

 

2.2.3 Cost Sensitive Techniques 

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

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



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

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

more computationally effective than that of other techniques.  

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

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

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

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

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

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

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

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

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

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

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

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

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

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

the-methods. 

 

2.3 ENSEMBLE / HYBRID METHODS FOR IMBALANCED DATASETS: 

 

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

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

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

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

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

 



 

Figure 2.4: Different Ensemble Methods 

 

 

 

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

multi-classifier  frameworks  for addressing the skewed data distribution.   

 

2.3.1 Boosting Techniques 

 

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

classifiers. 

 

2.3.2 Bagging Techniques 

 

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

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

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

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

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

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

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

makes use of all positive samples.  

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

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

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

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

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

proposed Neighbourhood Balanced Bagging technique where the samples are considered based 

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

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

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

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

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

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

bagging technique to execute regression task balancing. 

 

2.3.3 Hybrid Techniques 

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

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

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



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

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

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

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

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

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

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

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

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

techniques called MultiBoost ensemble. MultiBoost technique identified the minority class 

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

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

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

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

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

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

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

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

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

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

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

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

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

protein-protein interaction data and demonstrated improved process performance.   

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

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

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

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

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

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

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



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

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

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

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

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

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

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

and next to train the resultant data using CVNN.  

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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



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

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

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

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

conducted for class imbalance problem using knowledge management and machine learning 

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

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

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

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

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

and hybrid level. 

The main research challenges presented in this work are: 

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

techniques?. 

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

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

 

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

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

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

 

2.4  OBJECTIVES  

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

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

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

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

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

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



The research objectives are formulated as follows: 

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

techniques. 

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

level. 

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

hybrid methods. 

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

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

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

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

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

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

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

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

distribution. 

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

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

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

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

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

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

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

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

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

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

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

optimization algorithm for multi dimensional data at the algorithmic level. 



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

techniques to overcome small disjunct and overlapping in the data. 

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

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

subsequence chapters. 

 


