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Abstract— Machine learning is considered as a subfield of
Artificial Intelligence and is concerned with the development of
techniques that enable the computer to learn. One of the most
common tasks in machine learning is classification which is used
to organize and categorize the data so that it can be used in an
efficient manner. Many real life applications suffer from
imbalanced distribution of data where one class has very high
number of samples relative to other class.
Traditional
classification algorithms may not perform efficiently in
classifying such imbalanced data. Hence recent studies focus on
handling imbalanced data in various ways. This paper focuses on
different data level approaches used to handle imbalanced data
sets by pre-processing the imbalanced data in order to convert it
into balanced form. Experimental results also show the extent to
which behaviour of classification algorithm is affected due to
pre-processing technique.
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I. INTRODUCTION
Classification is the common task in machine learning that
facilitates to organize and categorize data into distinct classes
with the help of a model trained on the training data. Recently
researchers are paying much attention to classifiers because of
their applications in variety of fields like image classification,
credit scoring and image retrieval. Many real life applications
are suffering from imbalanced distribution of data i.e. one
class has very small number of samples compared with other
class. Hence, classification of imbalanced dataset has gained a
great deal of attention in the past few years. Previous studies
show that traditional classifiers may not give the effective
performance for imbalanced dataset. This necessitates need to
put efforts in modifying the existing techniques so that they
can handle imbalanced data in efficient manner.
Existing literature presents four ways of resolving
imbalanced dataset classification problem:
• Data level approaches: These approaches use preprocessing techniques that can convert imbalanced dataset
into balanced dataset. Techniques like under sampling,
oversampling or hybrid approach are the representatives of
this category.

• Algorithm level approaches: In this approach existing
algorithms are modified so that they can handle imbalanced
distribution of data.
• Cost sensitive learning approaches: This approach is a
combination of data level & algorithm level approach in
which different misclassification costs are assigned to
majority & minority class.
• Classifier Ensemble techniques: These techniques use
ensemble of classifiers that can improve the performance of
classification by combining a set of different classifiers.
Pre-processing techniques applied in data level approaches
are independent of the classifier which is being used. Also
they help to enhance the classification performance. In this
paper, we review commonly used data level approaches in the
area of imbalanced data set classification. This paper aims to
explore the extent to which behaviour of pre-processing
technique is affected.
The remainder of this paper is organized as follows: In
Section II, we review the significant works in this area.
Section III discusses the different pre-processing techniques to
handle imbalanced data. It also briefs various challenges faced
in the classification of imbalanced data set. Section IV
reviews evaluation parameters and experimental setup. Finally
last section discusses the experimental results and some
findings based on those results.
II. RELATED WORK
This section briefs and categorizes the recent work carried
out in the area of imbalanced data sets classification.
Yubin Park et. al. [1] proposed two types of decision tree
ensembles in order to handle imbalanced class distribution.
They have introduced a new splitting criterion with the help of
diversification factor alpha (α). They have formed an
ensemble of α tree which improves performance of
imbalanced data sets in terms of AUROC. Chun-Hao Chen et.
al. [2] proposed a framework that improves accuracy of
existing system. Pengyi Yang et. al. [3] presented a data
sampling technique, called sample subset optimization (SSO)
that is able to handle different issues such as class imbalance,
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small sample size and noisy data. Xu-Ying Liu et. al. [4]
introduced two algorithms known as EasyEnsemble and
BalanceCascade and proved improvement in terms of Area
c. Hybrid
under the ROC Curve (AUC), F-measure, and G-mean values.
Some proposals suggest combined use of under-sampling
But it does not focus on lack of comprehensibility.
and over-sampling which may be more effective than
Jerzy Blaszczynski et. al. [5] gave a new framework called individual techniques.
as IIvotes that is generated by integrating SPIDER method of
selective preprocessing with Ivotes ensemble. Evaluation is
IV. EXPERIMENTAL SETUP
done in terms of Geometric Mean. Peng Shengguo Hu et. al.
[6] extended Synthetic Minority Over-sampling Technique
(SMOTE) in order to improve the prediction performance of
The experiments were carried out using Weka environment
minority class. Putthiporn Thanathamathee et. al. [7] used the with its default parameters. Weka is an open source toolkit
idea that position of the separating function is dependent on that provides a set of machine learning & pre-processing
the data which is at the boundary of the cluster. This idea has algorithms.
been combined with bootstrapping technique and evaluated in
In this study, we have implemented C4.5 classification
terms of average F-measure and AUC. Gregory Ditzler et. al. algorithm with and without pre-processing. Experiments are
[8] proposed two ensemble based approaches known as carried out with Synthetic Minority Over-sampling as preLearn++.NIE and Learn++.CDS that can handle classification processing technique. All experiments were carried out using
of imbalanced data in non stationary environment. 10 fold cross validation. Results of classification with preLearn++.CDS rebalance the class distribution using Synthetic processing and without pre-processing are compared in order
Minority class Oversampling Technique (SMOTE).
to show the extent to which pre-processing of imbalanced data
Jin Xiao et. al. [9] combined a dynamic classifier ensemble affects the classification performance.
approach (DCEID) with cost sensitive learning to improve the
results. DCEID combines dynamic classifier selection (DCS)
Experimental datasets
and dynamic ensemble selection (DES) which are two types
of dynamic classifier ensembles.
For experimentation, we have considered five imbalanced
A. I. Marqués et. al. [10] formed two level composite data sets that are publicly available in KEEL repository.
ensembles by introducing diversity with the help of data level Details of those datasets are given in table 1.
and feature level method. There is further scope to extend this
Table 1 Imbalanced Data sets
idea and design a multilevel ensemble that uses number of
ensembles jointly.
# Attributes
# Examples
# Majority
# Minority
Antonio Maratea et. al.[11] presented a new accuracy Data set
9
4174
4142
32
measure, called as Adjusted F-measure (AGF), that takes into Abalone19
account the different misclassification costs of the two classes. Yeast6
9
1484
1449
35
III. PRE-PROCESSING TECHNIQUES
a. Under-sampling
This approach applies under-sampling to the majority class
by removing majority class samples from the original data.
Number of instances to be removed depends on the imbalance
ratio of imbalanced data set and amount of under-sampling
required. The technique aims to remove redundant, noisy
samples but sometimes may remove some important instances
of majority class.
b. Over-sampling
This is a re-sampling approach that over samples the
minority class by adding the minority samples to the original
data set. If instances are added by replicating the original
instances in the minority class then it may cause very specific
decision regions resulting in over fitting. This problem can be
resolved with the help of synthetic data generation techniques.
Synthetic Minority Oversampling technique is commonly
used representative of this category.

Car-good

7

1728

1659

69

Flare-f

12

1066

1023

43

lymphography

19

148

142

6

Evaluation criteria
In order to evaluate classification systems, different
parameters such as accuracy, G-mean, type-I error, type-II
error, AUC (Area under ROC curve) are used. These
parameters can be derived by using confusion matrix. In this
paper, we have used accuracy and AUC as evaluation
parameters [27].
Table 2 Confusion Matrix for a two class problem
Predicted as Positive

Predicted as Negative

Prediction

Prediction

Positive Class

True Positive

False Negative

Negative Class

False Positive

True Negative
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Accuracy:

Lymphog
raphy

It represents the proportion of the correctly classified cases
on a particular data set [12]. However, accuracy does not
represent the error on individual class separately as false
positive and false negative have different misclassifications
costs.

accuracy 











6

142

97.97

3

3

Table 4 compares the AUC values of C4.5 classification
algorithm with and without pre-processing. Results show that
Synthetic Minority Oversampling pre-processing technique on
the imbalanced training data set helps to improve the results.
Though performance improvement after pre-processing is
small, it is beneficial for imbalanced data set where accuracy
of minority class is extremely important.
Table 4 Comparison of AUC with and without pre-processing

Area under ROC curve(AUC):
No Pre-

The AUC is defined as arithmetic average of the mean
predictions for each class. Previous studies suggest that area
under the ROC curve (AUC) is an appropriate parameter for
evaluation of imbalanced data set.

AUC 



processing
Abalone19
Yeast6
Car-good
Flare-f
Lymphography



Fig. 1 plots AUC values of some sample datasets tested with
C4.5 classification algorithm.

TP


 

AUC

Speci%icity 

V. RESULTS AND DISCUSSION
Table 3 shows accuracy, true positive and false negative
values for different imbalanced data sets classified with C4.5
classification algorithm. Results show that classifier performs
very well in terms of classification accuracy. However
detailed analysis in terms of true positive and false negative
shows that accuracy is biased towards majority class.
Consider abalone19 data set with 99.23 % accuracy. True
positive value for the same data set is 0 which indicates that
no element of positive (minority) class is classified correct.
Value of false negative is 32 i.e. all positive elements are
incorrectly classified as negative. This proves that accuracy
does not reflect the errors on individual class separately.
Table 3 Accuracy of C4.5 classifier

Instances

0.51
0.81
0.99
0.69
0.83

2

sensitivity 

# Positive

0.48
0.81
0.49
0.53
0.55

SMOTE

#
Negative

Accuracy

Instances

True

False

Positive

Negative

1.2
1
0.8
0.6
0.4
0.2
0

No preprocessing
SMOTE

Datasets

Fig. 1 comparison of performance with and without pre-processing

Results show that pre-processing of imbalanced data improves
the performance in terms of AUC. Though same oversampling procedure is applied on all the datasets, they have
shown variations in their improvement. This is due to other
challenges raised by imbalanced nature of data. This
necessitates need to focus on other factors associated with
imbalanced distribution.
VI. CONCLUSIONS

Abalone1
9
Yeast6
Car-good
Flare-f

32
35
69
43

4142
1449
1659
1023

99.23
98.05
96.01
95.97

0
19
0
0

32
16
69
43

In this paper, we have presented a survey of different data
level approaches used to handle imbalanced data sets. We
also assessed the evaluation parameters for classification and
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results show that accuracy does not represent different
misclassification costs of different classes. Comparison of the
results of classification with and without pre-processing
shows that pre-processing improves the performance of
classification. It can be further enhanced by overcoming
limitations of existing pre-processing techniques.
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