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Abstract: In data mining, performing classification
for skewed data distribution is a challenging problem.
Traditional Classification Techniques (TCT) work
efficiently in classifying data having symmetric distribution,
as their internal design favors the balanced datasets. The
Class Imbalance Problem (CIP) take place when number of
instances of one class outnumbers instances of other classes.
Some factors that contribute towards this imbalancing are
noisy data, borderline samples, degree of class overlapping,
small disjuncts, etc. In machine learning, ensembles are
basically built to improve the performance and correctness
of single classifier by training multiple classifiers to form
the results that output the correct single class label. In this
paper, our aim is to review ensemble learning methods
having two-class problem. We propose different levels
for ensemble learning methods that are at data level, at
algorithm level and according to the base classifier.
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I. INTRODUCTION

In data mining, classification is used to assign objects correctly
to one of the several predefined categories. Traditional
Classification Techniques (TCT) work efficiently in classifying
the data having symmetric distribution, as their internal design
favors the balanced data sets. However, when used with
unbalanced datasets, TCT do not classify datasets correctly as
result deviates towards majority class, which is having more
data points as compared to minority classes with very few data
points. TCT ignore smaller classes considering it as noise. This
is called Class Imbalance Problem [1, 2]. In most of the real
world situations for example fraudulent telephone calls, credit
card frauds, shuttle system failure, text classification, oil spill
detection, etc. [10], minority class plays an important role and

draw interest of the researchers. TCT do not work well in these
cases.

In the literature, researchers have proposed different techniques
for handling class imbalance problem which may be classified at
three levels: data level approaches (pre-processing techniques),
algorithm level approaches and the ensemble based approaches
[1]. In data level approaches [1], data sets are balanced using
different sampling techniques (undersampling, oversampling
and their hybrid forms) before applying TCT in a way results
may not get biased towards majority class. While in the
algorithm level approaches [3], the internal algorithm structure
is modified to improve sensitivity of the algorithm towards the
majority class. The ensemble based learning methods include
the combination of data level with algorithm level approaches

(8].

Ensembles are basically built to improve the performance and
correctness of single classifier by training multiple classifiers
to form the results that output the correct single class label [6].
Thus, ensemble approach is more useful in predicting the class
label than other approaches towards CIP [8].

Different researchers have proposed different techniques for
handling CIP using ensemble based approaches. In this paper,
we have reviewed ensemble based learning approaches at
three levels that are described in Section III of the paper. The
organization of the paper is as follows. In Section II, we present
factors for skewed data distribution, Section III includes various
ensemble learning methods and finally Section IV discusses
conclusion and future scope of the paper.

II. FACTORS FOR SKEWED DATA DISTRIBUTION

In CIP, the class with less number of data points (known as
minority class or positive class) is of interest for the study
such as the credit card fraudulent cases, shuttle failure, web
spam detection, etc. Such real life example data set are skewed
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datasets with asymmetrical distributions and is closely related
with the following sub problems:

e Degree of Class Overlapping: Class overlapping refers
to the level of separability between the classes. Due to
overlapping, it becomes difficult for the classifiers to cor-
rectly identify the data points of the minority class.

e Size of the Training Dataset: In most of the real-world
problems, the number of minority class instances is quite
less as compared to majority class instances, usually in
the ratio of 1:1000 or 1:10000.

e Small Disjuncts: Small disjuncts covers few training ex-
amples. This problem is shown by small clusters which
arise due to underrepresented sub concepts [8].

e Noisy Data: Noisy data affects the way any classifica-
tion algorithm behaves. The presence of noisy data has
more impact on the minority class than on the majority
classes [1].

e Borderline Examples: Wherever the minority and major-
ity classes are overlapping, the data points are present in
places surrounding class boundaries.

III. ENSEMBLE LEARNING METHODS

In this paper, we have classified different ensemble learning
approaches at three levels; data level, algorithm level and
according to the base classifier as shown in Fig. 1. These three
level techniques are further discussed in the subsections.
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Fig. 1: Ensemble Learning Methods

A. Data Level (Data Variation Based Ensembles)

At the data level, ensembles are built by variation in the data
either by resampling data sets or according to the attribute
subsets.

i. Based on Resampling Dataset

In resampling dataset based approach, ensembles are built in a
parallel way (bagging) or in iterative way (boosting) or hybrid
based way (bagging + boosting).

a) Parallel Approach - Bagging

Bagging [15] is the parallel ensemble method in which the
base classifiers are produced in parallel. The idea is to combine
independent base learners to reduce errors effectively.

e UnderBagging (U-Bagging): This approach uses unders-
ampling which is applied to majority class. However, use
of resampling with replacement of positive examples can
also obtain more diverse ensembles [8, 14].

e OverBagging (O-Bagging): In this process, number
of minority class examples are replicated and all ma-
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jority class examples are contained in new bootstrap.
SMOTEBagging [16] generate the synthetic data by in-
terpolation method than random replication.

e UnderOverBagging (UO-Bagging): This technique uses
both oversampling and undersampling method [16]. A
particular resampling rate percentage is selected which
states number of samples taken from each class.

e [mbalanced Ivotes (IIVotes): This technique is the hybrid
form of SPIDER [9], which is used as a preprocessing
method to select data and Ivotes ensemble [17]. This
technique modifies SPIDER to improve trade-off be-
tween sensitivity and specificity of a classifier at an ac-
ceptable level measures.

b) Iterative Approach - Boosting

Boosting belongs to the sequential ensemble paradigm wherein
base classifiers are sequentially generated. The idea is to make
use of dependence among base classifiers and convert weak
learners to strong learners [8].

e AdaBoost [7]: It trains each classifier serially using
whole training data sets. After each round of iteration,
more focus is given to those instances that are classified
not correctly so that it will get classified correctly in the
next iteration.

e SMOTEBoost [12]: It combines SMOTE [5], oversam-
pling technique, with AdaBoost, which results in a better
hybrid approach to improve classifier performance.

e Modified SMOTEBoost (MSMOTEBoost): This
technique is a variant of SMOTEBoost, wherein the
MSMOTE pre-processing technique is combined with
boosting [18].

e Random Undersampling Boosting (RUSBoost) [6]: It
combines random undersampling with boosting ap-
proach. The main limitation is the loss of information,
which is greatly overcome by combining it with boosting.

e DataBoost-IM [23]: It combines boosting with data-
generation to improve the classifier performance for
imbalance datasets, but different from SMOTEBoost.
Also, it is not able to deal with datasets that are highly
imbalanced.

e Boosting Support Vector Machine (BoostingSVM) [24]:
The motivation behind this technique is that SVMs are
naturally quite robust to the CIP as compared to other
classifiers. This technique use SVMs with soft margins
as base learner and then use boosting approach.

e Evolutionary Undersampling Boosting (EUSBoost) [25]:
It improves the performance of TCT using evolutionary
undersampling approach. However, it is computationally
more expensive due to the execution of EUS [13] in all
iterations of boosting.

¢) Hybrid Approach

This approach implements both bagging and boosting approach
along with pre-processing techniques. AdaBoost approach is
used as base learner such that final classifier generated is an
ensemble of ensembles [8].

e EasyEnsemble [19]: The bags are constructed by random
undersampling majority class and combining it with the
whole minority class. Although, each bag learns more
classifier but trains fewer bags than UnderBagging. Also,
operations are not performed on original data-set in-
stances. Thus, it allows training all classifiers in parallel.

e BalanceCascade [13]: In this approach, new major-
ity class sample subset is filtered by removing correct
instances and all misclassified instances are kept in the
majority class. Iteratively, most classifiers are produced
on the filtered sampled data-set and finally combined to-
gether. By working in a supervised way, Balance Cascade
trains all classifiers sequentially.

ii. Based on Attribute Subset

In the attribute subsets approach, ensemble approaches exploit
datasets that are having highly redundant features e.g. random
subspace and rotation forest approaches.

a) Rotation Forest

Rotation Forest (RO_FO) uses independently trained decision
trees to build classifier ensembles. In the RO_FO, subsets are
formed from original feature set and on each subset, PCA
technique is implemented independently. Then, data is linearly
transformed into new features. Training of a decision tree is
done with this set. Different rotations results due to the different
splits of feature sets. In this way, diverse classifier is developed
[21].

e SMOTE with Rotation Forest (SMOTE RO _FO) [11]:
It is a new hybrid ensemble approach by combining
SMOTE with RO_FO to address CIP. It trains classifier
by rotating subspaces of the original data-set and works
in noiseless environment.

b) Random Subspace

In this method, classifiers are built in random subspaces of
feature space of dataset. These classifiers uses simple majority
voting in the final decision rule [25]. It is useful for gene
expression problem in which the number of training examples
is less than number of features [3].

e Random Subspace Ensemble with Artificial Datasets
(RSEAD) [20]: It is an ensemble based active learning
approach, which created artificial data as per the data-set
distribution to increase the diversity of ensemble.
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B. Algorithm Level

At the algorithm level, the ensembles are built by cost sensitive
approaches [1].

i. Cost Sensitive Approaches
a) AdaCost

AdaCost algorithm adjusts the parameter of weight update
by adding a cost adjustment function ¢ [8, 22]. This function
increases the weight for those instances that are incorrectly
classified but decreases its weight less otherwise. The cost of
misclassifying ith example can be represented by the given
function.

o+ =—0.5Ci+0.5and o—=0.5Ci+0.5 (1)
b) AdaC1

It is one of the three modifications of AdaBoost [4] which
is based on different methods to embed cost into the weight
update formula. The different values of at computed depends
on where the cost is introduced. In AdaCl1, the cost factors are
included within exponent part of the formula.

Dy, (i) = Dy(i) . e CiYiht(Xi), where Ci e [0, +o0) )
¢) AdaC2

Similar to AdaC1, AdaC2 introduce cost factor in weight update
formula. But in a different way; the costs are included outside
exponent part [4].

Dt + 1(i) = CiDt(i) . ¢ “tyiht(xi) 3)
d) AdaC3

AdaC3 modifies both AdaC1 and AdaC2. The weight update
formula is changed by including costs both inside and outside
the exponent part [4].

Dt+1(i) = CiDt(i) . e “tCiyiht(xi) 4)
e) MetaCost

It applies meta learning concept to reduce cost of classifier is
reduced. It is a variant of bagging and works by first creating
multiple bootstrap instances from training set and then assigns
class based on majority of votes received from ensemble [26].

C. Based on Base Classifier

According to the base classifier, the ensembles could have
either homogeneous classifiers that include minor variants
of the same classifier or heterogeneous classifiers that comes
under broader category of multiple classifier system. Thus,
homogeneous classifier works on same algorithm over varied

datasets whereas heterogencous classifier works on distinct
learning algorithms over same data.

i. Homogeneous Based

Ensemble methods mostly refer to collection of classifiers
that are minor variants of same classifier [8]. When forming
ensembles, creating diverse classifiers is a key element. This
approach constructs ensembles of classifiers that include
classifiers of the same base learner.

ii. Heterogeneous Based

The multiple classifier systems include combinations that
consider hybridization of different models [8]. While
constructing the ensembles of classifier, the base learners are
different and thus represented as the heterogeneous based
approach. These provide their specific algorithms for the
prediction of class label and thus their combination will result
into better and improved performance of classification task in
terms of accuracy and sensitivity of individual classifiers.

IV. ConcLusioN AND FUTURE ScoPE

The paper discusses about limitations of existing traditional
classifiers and factors contributing for skewed datasets. It is
observed that ensemble approach is more useful in predicting
class label than other approaches toward CIP. Thus, ensemble
improves the performance and correctness of single classifier
by training multiple classifiers.
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