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are the major area of the class imbalance problem. The high
percentage of machine learning methods is designed for
balanced data. These methods are working with wellbalanced data. Class imbalanced data presents a new
challenge to these learning methods to classify correctly. But
existing methods have not classified these data well as these,
not in a class balanced data. The class imbalance data
problem can reduce the performance of learning methods.
Learning algorithms are learning well for majority class data
as they have lots of sample data. So the majority of classes
are predicted well. But these results will crease problem in
the different application of real life, such as an automatic
target detection in an application [1], agricultural insect
inspection [2], medical disease diagnosis [3] and others area.
The current research trend in the class imbalanced
problem can be differentiated into two sides, one is
algorithmic centric methods and sampling methods, as these
already discussed in recent at the ICML [4] and AAAI [5].
In the sampling methods, all the class samples are leveling
into the same amount of instance so that they are not
imbalanced class. These done by two sampling methods, one
is under-sampling the major class [6], and another one is
over-sampling the minor class [7]. There are also hybrid
techniques are available which one is the combination of
under and oversampling method. On the other side, in
algorithmic methods, adjusting the costs associated to
improve the accuracy and performance [8], the bias of a
classifier needs to be shifting in respect to the minor class
data [9], also need to create boosting schemes [10].
Imbalanced data problem is creating a major problem when
the data dimension is high. The number of features is much
higher in microarray-based cancer classification [11]. The
number of features in text classification is also high. The
high dimensional class problem cannot work efficiently with
the algorithmic method and sampling methods. Apart from
this, feature selection is more important to overcome the
over fitting problem than classification methods [12].
The aim of this paper is to study and find out the best
methods that will perform best for class-imbalanced data.
The dataset needs to preprocess as it contains some noise
data. Different hyper parameter tuning, then compare
different algorithms before and after re-sampling. Also,
apply algorithms after sampling on imbalanced data sets.
The tuning results point the best way which one is fast
convergence to find best solutions. We keep our focus on
obtaining a decision based on imbalanced data which
sampling method is suited best among all the sampling
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I. INTRODUCTION

M

ODERN technological devices produce millions of
data every day. Among these data, necessary
information should be extracted for further used. But, one of
the major challenges in machine learning and data mining
field is the data imbalance problem. Some data class is
dominated as they have the majority number of instance in
the data set. On the other hand, some class data are minor in
number; these also have some significance in data
classification. This problem called class imbalanced problem
in classification. Imbalanced class data problem is seen in
the different aspect of the data area. Economic,
environmental, commercial, software defect prediction, text
classification, business risk mining, different medical
diagnosis, medial data analysis, bank card fraud detection
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method. The imbalanced data were trained after a wellknown Oversampling technique named Synthetic Minority
Over-sampling Technique (SMOTE), Under-sampling using
Cluster Centroids (CC) technique and then applied a hybrid
technique named SMOTEENN which is the combination of
SMOTE and Edited Nearest Neighbor (ENN). Accuracy,
Precision, Recall, F-Measure and Confusion matrix are used
to evaluate the performance. In this task exhibit an
experimental
distinction
of
few
well-recognized
classification algorithms and performance measure that is
authentic for the imbalanced dataset, this results we
achieved. The result shows that the hybrid method redacts
better than over-sampling and under-sampling techniques.
The structure of this paper is as trails. Section I has
described the introductory part of the work. Section II
reviews the related work that has been studied by different
researchers in this area. Section III presents a concise
description of all the sampling method and all the
algorithms. Section III presents the methodology and
experimental process in brief. Also, describe the data
processing and sampling step. Section IV shows the
empirical results and comparative analysis of all the
algorithms and Section V will present concluding remarks
and future work of this work.

III. METHODOLOGY
The main contribution of this work is to find the best way
to retrieve the information from imbalanced data by
critically analyzing some established classification methods.
In this work, we have used a car evaluation data set from
UCI dataset directory [18]. This dataset has a limited
number of attributes but imbalanced in terms of class. It is a
multi-class dataset having six class value among them one
class have the two-thirds number of instances.
Apart from this, this dataset has the limited number of
instances which has created a new challenge. So, based on
this information we can say that this dataset is moderately
week which is the perfect example of class-imbalanced data.
To solve this problem we have maintained some steps. At
first, preprocess the data to replace text information with the
numeric value, then re-sampling has done to prepare it to fit
into the classification model to measure performance
evaluation. The imbalanced data were trained after a wellknown over-sampling technique named SMOTE, undersampling using Cluster Centroids (CC) technique and then
applied a hybrid technique named SMOTEENN which is the
combination of SMOTE and Edited Nearest Neighbor
(ENN). Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), Decision tree (DT) and Naive Bayes
(NB) classifier are applied after and before the sampling
methods. Accuracy, Precision, Recall, F-Measure and
Confusion matrix are used to evaluate the performance.

II. RELATED WORKS
The challenge of imbalanced data makes it complex to
implement experiments in the field of data mining.
Although, some research has done to balance the imbalanced
data, sampling the data and find key features to predict
information to make the useful applications.
Numerous researches have been done to find out best the
way to retrieve exact information from imbalanced data.
Researchers are continuously trying to keep contribution in
this field. In machine learning and data mining technique,
learning from class-imbalanced data is a big problem. The
best way to learning from imbalanced data is providing more
balanced class data to a learning model tends to produce
better outcome [13]. Data preprocessing, data resampling
and parameter tuning is also a process to implement the
learning algorithm method with different existing problems.
Key feature selection is not a direct approach to classify the
imbalanced data. So, based on the threshold value feature
can be assessed and find out key feature from this data. The
prediction model is based on a space under the Receiver
operating characteristic curve [14]. Some real-world
applications data do not have the equal number of the
instance and data dimension, as a result, these applications
such as fraud detection, diagnosis of disease these
applications becomes problematic due to class-imbalanced
data [15]. Sampling algorithms such as SMOTE is used for
oversampling in the different research project that will
balance the imbalanced data [16]. Few researchers pointed
on the collapse of the distributive behavior of the classimbalanced data. These imbalanced data will produce
uncertain results for all the classes including major and
minor class [17].

A. Dataset description
This dataset has 1728 instance with five attributes and one
class attribute and also a multi-class dataset. The five
attribute are Overall buying price, Price of maintenance,
Number of door, Capacity in terms of persons to carry and
estimated safety of the car. So, class attribute has four
different values as unaccepted, accepted, good and very
good. Among them, unaccepted class has most 1210
instance which is 70.023% of the total instance, accepted
class has 22.222 % instances, good class as 3.993 %
instances and very good class has only 3.762 % instances. It
was clear that unaccepted class has the highest number of
instances and very good has limited number of instance. So
this dataset is a perfect example of imbalanced data. The aim
of this paper is to find a suitable sampling method and
classifier that will classify these data perfectly and help to
improve the performance of the application.
Table 1: Imbalanced data with class distribution
Class
unaccepted
accepted
good
very good

Sample size
1210
384
69
65

Percentage
(70.023 %)
(22.222 %)
(3.993 %)
(3.762 %)

B. Data pre-processing
The first step of our work is to pre-process the data using
popular machine learning library named Sci-kit learn. In this
dataset, the attribute value in text format. We need to
convert it to the numeric value. The numeric value list
corresponding to its text value showed in table II. Numeric
values ranging from 0 to 5 for separate text attribute value.

2

IV. PERFORMANCE ANALYSIS
We have done another check on the trained model,
whether our model is suffering from over and under-fitting
problem.
If the training score is much higher than the test results and
cross-validation score then our used model is affected by the
over fitting problem. To overcome this problem we need to
add more data which will help us to get the ride from the
over-fitting problem. We test the learning curve from SVM
as more likely to over-fit over to the more high accuracy.
We have done this before sampling and after sampling.

Table II: Text attribute to corresponding numeric value
Attributes Value
very high
high
medium
low
unaccepted
accepted
good
very good
5 or More than 5

Represented
Value
3
2
1
0
0
1
2
3
5

Table III: Accuracy in different sampling method

C. Data sampling
We have used three different data resampling methods.
Firstly, SMOTE method is used for over-sampling the major
class attribute. Secondly, Cluster Centroids (CC) is used
under-sampling the minority class. Finally, SMOTEENN is
used for both under and over-sampling purpose.
• Over-sampling method
The task of over-sampling method is to re-sample
the minority class instance. Here good and v-good is
the minority class. So SMOTE is used as an oversampling method. SMOTE will add some new
instance based on existing instance and that will
increase the instance number of a minority class.
• Under-sampling method
The task of under-sampling method is to re-sample
the majority class instance. Cluster Centroids is used
to under-sample the unaccepted attribute and
decrease the instance number. So that this decreased
sample instance will close to minority instance
number.
• Hybrid sampling method
In hybrid sampling method both over-sampling and
under-sampling has been done. Over-sampling is
applied to minority class and under-sampling is
applied to majority class instance. This method
maintains the balance between the majority and
minority instance.

Algorithm

Before
sampling

SVM
DT
GNB
KNN

89.31
83.53
75.43
86.13

After
Oversampling
87.91
87.19
73.14
86.98

AfterUnder
sampling
88.46
71.15
78.85
71.15

AfterHybrid
sampling
97.80
99.53
77.32
98.27

We measure the performance-based Accuracy, Precision,
Recall and F-measure. In Table III, accuracy value is shown
based on different sampling method and classification
algorithms. SVM, DT and KNN perform well in after
applied Hybrid sampling method. But Gaussian Naïve Bayes
perform well after under-sampling method. Hybrid sampling
method performs well as it is a combination of both undersampling and over-sampling.
Table IV: Accuracy, Precision, Recall, F-Measure in different
sampling method on imbalanced data
Before
sampling

After
Oversampling

AfterUnder
sampling

AfterHybrid
sampling

Accuracy

89.31

87.91

88.46

97.80

Precision

71.38

82.62

89.87

97.51

Recall

72.07

87.98

88.46

97.49

F-Measure

71.09

88.19

87.87

97.49

Accuracy

83.53

87.19

71.15

99.53

Precision

56.16

87.37

71.76

99.44

Recall

50.58

87.32

70.60

99.48

F-Measure

52.78

87.28

70.55

99.46

Accuracy

75.43

73.14

78.85

77.32

Precision

52.79

79.39

84.01

80.57

Recall

63.50

73.29

79.12

77.03

F-Measure

51.33

73.09

79.01

74.48

Accuracy

86.13

86.98

71.15

98.27

Precision

67.54

87.47

73.40

98.02

Recall

65.01

87.06

70.63

98.25

F-Measure

65.99

87.16

71.37

98.08

Algorithm

SVM

D. Model and Classifier
We split the dataset into two parts, one is training data
and another one is test data on a random basis. Among all
data, 75% data are used as training data and rest 30 % data
are used as test data. We have built four different models.
The first model is applied without applying any sampling
method to the imbalanced data. The second model is applied
to over-sampled data. The third model is applied to undersampled data. Finally, the fourth model is applied to the
hybrid sample data. Support Vector Machine (SVM), KNearest Neighbor (KNN), Naive Bayes (NB) and Decision
Tree (DT) classifier are used to check the accuracy of each
model to identify which model predicts better. The output
value is checked by K-fold cross-validation for better
understanding.

DT

GNB

KNN

We have also calculated the Precision, Recall, F-measure
which are shown in Table IV. Precision is giving best
performance in Hybrid sampling method when SVM is used
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as classification algorithms. In DT, GNB and KNN hybrid
sampling method will perform best for SVM classification
algorithms. In terms of calculating F-measure value SVM,
DT and KNN algorithm perform, Hybrid sampling method
perform best among all the sampling method. But GNB
classification algorithm under-sampling method performs
best. When we calculate Recall with SVM, DT and KNN
classification algorithm, hybrid sampling method perform
best. But, in GNB classification algorithms under-sampling
method perform best among all the other sampling method.

Figure 4: F-Measure curve for different sampling method
The value of accuracy shown in figure 1. We have received
highest accuracy using DT classifier with Hybrid sampling method.
SVM, DTC, GBN perform well with Hybrid sampling method. DT
will perform well with the under-sampling method. Only GNB
performing well with the under-sampling method. Figure 2 has
described the Precision of all the sampling method. Decision tree
classifier has received the highest value among all using Hybrid
sampling method. DT and GNB perform well in both oversampling
and hybrid sampling.
Figure 3 has shown the recall value of different sample method
with different classification algorithm. KNN has performed well
using both the over-sampling and hybrid sampling method. GNB
perform not good with hybrid sampling method. F-measure value
showed in Figure 4. Except for GNB, all the other classification
performs well using all the sampling method. Among all DT
perform best for F-measure.

Figure 1: Accuracy curve for different sampling method

Figure 2: Precision curve for different sampling method

Figure 5: SVM comparison in different sampling method

Figure 3: Recall curve for different sampling method

Figure 6: DT comparison in different sampling method
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Figure 5 has shown SVM classifier performance comparison
among all the sampling method. Without any sampling method,
our model performed better than oversampling and under-sampling
method. But Hybrid sampling method performs best among all the
sampling method.
Figure 6 has shown Decision Tree classifier value comparison
among all the sampling methods. The under-sampling method
performs less among all. Oversampling and Hybrid sampling
method perform best among all.
Gaussian Naïve Bayes classifier algorithm performs best with
after under-sampling method in figure 7. Although, Hybrid
sampling method performs best than without applying sampling
method. Figure 8 shown that, under sampling method perform less
among all and hybrid sampling method performs best among all.
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Figure 7: GNB comparison in different sampling method

Figure 8: KNN comparison in different sampling method

V. CONCLUSION AND FUTURE WORK
This research paper is based on the imbalanced data and
we have illustrated an analytical comparison of different
classification algorithm with before sampling and after
different re-sampling method. We have used cross-validation
process which is playing an important role to find perfect
performance evaluation value. Different analyses are
required in near future to identify the application of crossvalidation in the different application. Some large dataset
can be used to figure out more outcomes with sampling
method. Though, imbalanced data are more prone to over
fitting problem. We can extend our work with some realtime data and also apply another algorithm, sampling
method to identify exact measurement. We can also extend
our work to extract the key feature from the huge number of
features.
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